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Computer-mediated  group  work  is  becoming  more  and  more  important  in  today’s 
organizations.  Group  Decision  Support  Systems  (GDSSs)  have  been  developed  to  assist 
in  meeting  this  demand.  To  date,  there  has  not  been  an  analytical  model  presented  which 
captures  the  crucial  components  that  determine  the  usefulness  of  these  systems.  This 
dissertation  examines  the  brainstorming  and  group  learning  processes  within  GDSS 
within  an  analytical  framework. 

This  research  models  brainstorming  and  group  learning  of  groups  utilizing  GDSS 
technology  under  different  incentive  structures  using  an  evolutionary  approach. 
Brainstorming  and  group  learning  are  viewed  as  evolutionary  processes  directed  by  the 
rewards  distributed  by  the  particular  incentive  structure  employed.  The  GDSS 
brainstorming  and  group  learning  process  is  modeled  using  a genetic  algorithm  (GA) 
framework.  Exact  models  of  expected  behavior  are  available  for  simple  genetic 
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algorithms.  The  simple  GA  is  composed  of  three  operators:  selection,  crossover  and 
mutation. 

Using  this  framework,  an  analytical  model  of  the  GDSS  processes  of 
brainstorming  and  group  learning  is  constructed  and  the  various  implications 
hypothesized.  This  model  is  validated  by  fitting  the  model  using  empirical  data  from 
actual  GDSS  experiments.  Research  hypotheses  relating  the  GA  parameters  of  crossover 
and  mutation  rates  to  the  experimental  GDSS  variables  are  then  tested  to  determine  the 
existence  of  possible  relationships  between  the  GA  parameters  and  GDSS  variables. 

The  results  of  this  research  suggest  that  groups  using  GDSS  do  tend  to  behave 
like  a simple  GA  for  this  particular  task.  Tests  on  the  GA  parameter  hypotheses  related 
to  the  group  variables  were  found  to  be  largely  inconclusive,  most  likely  due  to  the 
relatively  small  number  of  observations  throughout  the  data  set,  suggesting  the  need  for 
future  research  in  this  area. 

The  contribution  of  this  research  is  an  improved  understanding  of  computer- 
supported  group  decision-making  processes.  An  improved  understanding  of  such 
processes  should  lead  to  better  support  of  these  processes,  thereby  improving  decision 
quality,  reducing  time  required  to  make  such  decisions,  and  increasing  group  member 
satisfaction  with  the  process.  All  of  these  factors  are  becoming  increasingly  important  as 
more  decisions  require  coordination  across  the  organization,  where  the  organization  is 
often  global  in  scope. 
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CHAPTER  1 
INTRODUCTION 

1.1  Introduction 

Group  meetings  and  group  work  has  captured  intense  interest  from  both  the  research 
and  practitioner  communities.  Often  the  purpose  of  these  group  meetings  is  to  arrive  at 
some  sort  of  decision,  for  example,  regarding  the  procurement  and  allocation  of 
organizational  resources.  These  particular  groups  oftentimes  do  not  act  in  the  best 
interest  of  the  organizations.  Such  phenomena  as  groupthink,  freeloading  and  the 
existence  of  social,  economic  and  political  agendas  act  to  reduce  the  quality  of  the 
decision  outcome,  in  terms  of  solution  quality,  time  to  reach  decision  and  overall 
satisfaction  with  the  decision  by  members  of  the  group.  According  to  a recent  Los 
Angeles  Times  article,  “Most  experts  still  hold  out  hope  that  as  we  better  understand  how 
people  w'ork  together,  we'll  find  ways  to  intelligently  apply  computers  to  the  task” 
(Steinberg,  1997,  p.  3). 

Many  questions  have  not  been  adequately  addressed,  including  how  do  individuals 
working  in  groups  put  forth  ideas,  exchange  components  of  those  ideas  and  recombine 
those  components  into  supposedly  better  ideas,  all  in  hopes  of  arriving  at  the  best  solution 
possible  for  a given  organizational  setting?  Ideally,  we  would  like  to  be  able  to  describe 
and  capture  this  process  within  an  analytical  model,  with  the  goal  of  better  understanding 
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the  processes  of  these  groups  meetings  and  how  to  best  support  such  meetings  so 
organizational  objectives  can  be  met. 

A particular  type  of  group  meeting  is  examined  in  this  research.  We  focus  on  groups’ 
meetings  where  the  group  is  supported  by  a group  decision  support  system.  Group 
Decision  Support  Systems  (GDSS)  are  computerized  systems  designed  to  facilitate  the 
decision-making  activities  of  groups  by  providing  communication  and  decision  support. 
As  the  decisions  and  interactions  made  by  the  groups  leading  up  to  and  including  the 
final  decision  are  captured  by  the  GDSS,  structure  is  imposed  on  the  decision-making 
process,  facilitating  group  meeting  research. 

Groups  using  GDSS  to  reach  a decision  undergo  an  iterative  process  of  proposing, 
combining  and  refining  possible  solutions  until  a consensus  is  reached.  This  process  can 
be  considered  an  adaptive  process  following  a particular  trajectory  through  the  space  of 
all  feasible  solutions  until  a final  solution  is  reached.  In  this  context  we  can  say  that  the 
groups  perform  a search  through  a particular  solution  space.  Briggs  et  al.  (1997)  point  to 
convergence  issues  (i.e.,  helping  the  group  sort  through  the  ideas  generated  and  search  for 
the  best  solution)  in  GDSS  use  as  one  of  the  least  addressed  and  very  important  research 
questions.  This  search  must  have  at  least  three  characteristics:  the  search  must  be 
adaptive,  non-deterministic  and  performed  in  parallel.  The  search  must  be  adaptive,  as 
group  members  learn  (hopefully)  from  the  experiences  both  inside  and  outside  the  group. 
The  search  must  be  non-deterministic,  as  group  decision-making  meetings  are  often 
unpredictable.  Finally,  the  search  must  be  a parallel  search,  as  each  group  member  is  a 
unique  individual  and  brings  his  or  her  own  preferences,  experiences  and  capabilities  to 
the  decision  process. 
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There  exists  a search  algorithm  possessing  all  three  of  the  above  characteristics. 
Genetic  algorithms  (GAs)  are  adaptive,  parallel,  and  non-deterministic  search  algorithms 
grounded  in  formal  theory.  This  formal  theory  represents  the  genetic  algorithm  as  a 
Markov  chain.  Therefore,  we  wish  to  attempt  to  model  the  decision-making  process  of 
GDSS  supported  groups  as  a genetic  algorithm. 

In  this  chapter  we  provide  an  overview  of  our  thesis,  including  a description, 
motivation  and  possible  contributions.  The  research  problem  is  presented  in  Section  1.2, 
the  motivation  for  studying  this  problem  is  discussed  in  Section  1 .3  and  the  anticipated 
impact  of  this  study  is  provided  in  Section  1 .4.  A conclusion  to  this  chapter  is  given  in 
Section  1.5. 

1 .2  The  Research  Problem 

This  study  examines  the  use  of  a simple  genetic  algorithm  to  model  the  behavior  of 
groups  using  GDSS  technology  for  decision-making  tasks.  Our  research  problem  can  be 
stated  succinctly  as  “do  groups  using  GDSS  act  like  genetic  algorithms  during  the  idea 
generation  (brainstorming)  and/or  negotiating  tasks?”  We  address  this  problem  by 
carefully  constructing  an  argument  stating  that  activities  occurring  during  such  processes 
correspond  to  the  selection,  crossover  and  mutation  activities  of  the  genetic  algorithm. 
Within  the  context  of  a Markov  chain  model  for  genetic  algorithms,  we  estimate  the 
values  of  the  parameters  providing  transition  probabilities  from  actual  experimental  data. 
With  these  estimates  we  test  various  research  hypotheses  relating  genetic  algorithm 
parameters  to  the  historical  group  characteristics. 
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1.3  Why  this  Problem? 

This  problem  deserves  study  for  many  reasons.  First,  group  work  is  an  integral  part 
of  the  work  environment.  However,  very  much  remains  to  be  learned  regarding  how  to 
most  effectively  use  groups  in  an  organization,  especially  about  how  to  effectively 
manage  computer-supported  work  groups.  One  figure  cites  the  number  of  users  of  Lotus 
Notes/Domino,  a popular  group  support  software  product  (also  known  as  groupware),  at 
20  million  worldwide  (Forman,  1998).  However,  surveys  of  corporations  using 
groupware  products  often  indicate  that  the  expected  improvements  in  group  outcomes  are 
not  always  realized.  According  to  a recent  survey  of  British  companies  implementing 
groupware,  88  percent  surveyed  reported  obtaining  only  “marginal  benefits”  (Woollacott, 
1998). 

Second,  there  is  a need  to  expand  research  into  models  for  GDSS.  Chapter  2 
presents  theories  and  models  for  GDSS,  including  systems  contingency  theory  (Hiltz, 
1988),  adaptive  structuration  theory  (Poole  and  DeSanctis,  1990)  and  the  input-process- 
output  model  (Nunamaker  et  ah,  1991).  One  limitation  of  these  models  and  theories  is 
that  they  cannot  give  any  insight  into  the  expected  behavior  of  a system.  As  discussed  in 
Chapter  3,  there  have  been  very  few  analytical  models  of  GDSS  put  forth  in  the  literature, 
for  example  Valacich  and  Dennis’  (1994)  mathematical  model  of  brainstorming  and 
Gavish  and  Kalvenes’  (1998)  economic  model  for  GDSS,  and  we  feel  there  is  a strong 
need  to  research  further  in  this  area.  Third,  there  is  a need  for  a link  between  actual 
GDSS  processes  and  the  processes  used  by  artificial  agents.  Several  researchers  have 
used  groups  of  artificial  agents  to  solve  certain  problems  in  a simulation  setting.  Sikora 
and  Shaw  (1996)  and  Oliver  (1996)  among  others  have  stated  that  these  artificial  group 
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processes  could  be  applied  to  groups  of  human  agents.  GAs  have  been  used  in  the 
artificial  agent  literature  (again  in  Chapter  3)  to  describe  how  these  groups  of  artificial 
agents  arrive  a solutions  (Sikora  and  Shaw,  1996)  and  the  use  of  GAs  for  this  purpose 
should  be  further  justified. 

1 .4  Expected  Contributions  of  this  Research 

There  are  several  expected  contributions  of  this  research.  First,  we  hope  that  by 
presenting  a basic  analytical  model  for  GDSS  we  will  motivate  further  research  into 
improving  and  expanding  the  proposed  model.  We  hope  that  the  analytical  model  will 
allow  researchers  to  better  understand  the  processes  that  occur  during  GDSS  use, 
resulting  in  better  application  of  GDSS  for  practitioners.  We  will  attempt  to  do  so  by 
relating  particular  GDSS  parameters  to  specific  GDSS  processes.  Specifically,  we  hope 
to  understand  the  relationship  between  controllable  factors  within  the  GDSS  context,  for 
example  group  size,  or  incentive  structure,  and  GA  parameters  such  as  mutation  and 
crossover  rates.  We  also  hope  to  contribute  to  the  research  streams  of  artificial  agents  in 
group  or  team  settings,  so  artificial  agents  might  be  used  to  support  human  teams  and 
groups.  Finally,  we  hope  to  add  to  the  growing  and  influential  body  of  genetic  algorithm 
research. 

1 .5  Conclusions 

This  chapter  has  briefly  introduced  the  research  project  and  discussed  the  merits  of 
the  study  and  also  the  anticipated  contribution  of  the  study.  The  rest  of  this  dissertation  is 
organized  as  follows.  The  next  chapter.  Chapter  2,  will  provide  the  background  literature 
for  Group  Decision  Support  Systems,  highlighting  the  major  contributions  to  theory  and 
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some  results  from  influential  research  projects.  It  serves  to  present  not  only  some  of  the 
existing  research  in  the  field  of  GDSS  but  also  to  provide  context  for  our  research  project. 
The  third  chapter  presents  the  known  mathematical  models  for  GDSS  and  the  strengths 
and  weaknesses  of  each.  This  chapter  also  highlights  the  usage  of  evolutionary  models  in 
related  disciplines.  The  fourth  chapter  presents  the  theoretical  background  of  genetic 
algorithms,  which  sets  the  stage  for  the  following  chapters  which  provide  our  arguments 
for  using  a genetic  algorithm  to  model  the  brainstorming,  idea  generation  and  negotiation 
process  of  groups  using  GDSS.  We  present  our  research  hypotheses  and  the  methods  we 
use  to  test  these  hypotheses  in  Chapter  5.  Chapter  6 presents  the  data  used  in  testing  the 
hypotheses  as  well  as  the  research  framework  for  testing  this  set  of  hypotheses.  Details 
of  our  research  model  are  added  in  Chapter  7.  Finally,  we  present  the  results  of  our 
hypotheses  tests  and  the  interpretation  of  those  results,  along  with  conclusions  from  the 
research  and  future  directions  for  this  research  in  Chapters  8 and  9. 


CHAPTER  2 

GROUP  DECISION  SUPPORT  SYSTEMS 
2.1  Introduction 

This  chapter  presents  a general  overview  of  GDSS.  The  goal  of  this  chapter  is  to 
highlight  what  comprises  GDSS  and  some  of  the  problems  and  benefits  associated  with 
its  use.  We  also  wish  to  touch  on  some  of  the  underlying  theories  regarding  GDSS  use 
and  its  impact  upon  decision  quality.  Section  2.2  provides  a brief  overview  of  GDSS, 
including  definitions.  A summary  of  earlier  GDSS  research  is  presented  in  Section  2.3. 
Section  2.4  examines  current  research  efforts  and  Section  2.5  discusses  the  direction  of 
this  research. 

2.2  Overview 

Group  decision  support  systems  are  designed  to  support  group  decision-making 
through  specialized  software,  hardware  and  decision  support  tools.  DeSanctis  and 
Gallupe  (1987)  defined  GDSS  as  a combination  of  computer,  communications  and 
decision  technologies  working  in  tandem  to  provide  support  for  problem  identification, 
formulation  and  solution  generation  during  group  meetings.  Broadly  stated,  the 
fundamental  goal  of  GDSS  is  "...  to  support  the  exchange  of  ideas,  opinions,  and 
preferences  within  the  group"  (Gallupe  and  DeSanctis,  1988,  p.  278).  As  GDSS  research 
increased,  the  described  goals  of  GDSS  became  more  narrowly  proscribed.  According  to 
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Watson  et  al.  the  primary  goal  of  GDSS  is  to  reduce  “process  loss”  attributed  to 
disorganization  within  the  group,  social  issues  such  as  member  dominance,  inhibition, 
peer  pressure  and  other  recognized  difficulties  of  group  interaction  and  to  improve 
overall  decision  quality  (Watson  et  al.,  1988). 

Group  work  is  becoming  more  and  more  important.  As  problems  become  more 
complex  and  the  world  becomes  a smaller  place  due  to  technology  advances,  a greater 
breadth  of  expertise  is  often  required  for  problem  solving.  According  to  Kraemer  and 
King,  “.  . . group  activities  are  economically  necessary,  efficient  as  a means  of  production 
and  reinforcing  of  democratic  values,”  (Kraemer  and  King,  1988.  p.l  15).  However,  as  is 
often  noted  in  GDSS  literature,  group  meetings  are  fraught  with  problems.  Group 
meetings  can  often  lose  their  effectiveness  due  to  a lack  of  focus,  a lack  of  record  keeping 
on  ideas  or  solutions  generated,  the  existence  of  hidden  agendas  by  one  or  more  group 
members  that  promote  individual  welfare  over  that  of  the  organization,  and  the  existence 
of  apprehension  in  sharing  possibly  unpopular  ideas  with  more  dominant  groupmembers 
(Nunamaker  et  al.,  1991;  Stasser,  1992).  The  idea  of  GDSS  is  to  minimize  these  effects 
by  introducing  an  information-rich,  context-poor  environment  for  group  decision  making. 
This  means  that  GDSS  provides  tools  that  might  otherwise  not  be  available  to  group 
members,  such  as  decision  support  software,  in  an  environment  where  ideas  are  generated 
and  evaluated  without  regard  to  the  source.  This  can  be  accomplished  by  use  of 
technologies  that  can  keep  track  of  brainstorming  sessions  and  idea  generation,  allow 
normal  and  distributed  meetings  (both  same-time-different-place  and  different-time- 
different-place  meetings)  and  anonymous  communications.  Many  studies  have  focused 
on  how  GDSS  improves  decision  quality  by  adding  structure  to  previously  unstructured 
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processes  (Dennis  et  al.,  1997).  Also,  social  issues  such  as  conflict  resolution 
(Sambamurthy  and  Poole,  1992;  Watson  et  al.,  1988),  group  member  satisfaction 
(Gallupe  and  DeSanctis,  1988;  Gopal  et  al.,  1993;  Vogel  et  al.,  1990),  group  leadership 
(Hiltz  et  al.,  1991)  and  group  development  (Chidambaram  et  al.,  1991)  have  been 
explored. 

Businesses  and  other  organizations  are  finding  GDSS  to  be  very  useful  for 
varying  problems  and  applications.  Numerous  studies  in  both  the  laboratory  and  in  the 
field  have  borne  this  out.  However,  most  of  these  studies  focus  on  results,  in  terms  of 
decision  quality  and  member  satisfaction,  among  other  factors.  Very  few  studies  have 
examined  the  many  factors  that  determine  how  and  why  GDSS  often  provide  improved 
group  outcomes. 

2.3  Previous  Research 

GDSS  research  had  been  divided  into  several  areas.  The  majority  of  GDSS 
research  has  examined  experimental  studies  of  GDSS  in  both  the  lab  and  the  field. 
Dennis  and  Gallupe  (1993)  presented  a chronological  perspective  on  GDSS  empirical 
research  which  will  be  highlighted  in  Section  2.3.1.  DeSanctis  and  Gallupe  (1987)  and 
others  have  focused  on  conceptual  and  theoretical  aspects  of  GDSS  effects  on  group 
outcomes.  This  research  will  be  discussed  in  Section  2.3.2. 

2.3.1  A Brief  History  of  Empirical  GDSS  Research 

This  chronology  starts  with  the  "Roots"  (Dennis  and  Gallupe,  1993)  phase  which 
describes  the  very  beginnings  of  GDSS  research.  Early  computer  messaging  systems 
used  in  face-to-face  meetings  are  considered  the  forerunner  of  same-time  same-place 
GDSS.  Individual  DSS  research  also  influenced  the  creation  of  GDSS.  The  second 
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phase  of  the  chronology  was  termed  the  "Initial  Explorations"  (Dennis  and  Gallupe, 
1993)  phase  comprised  of  the  first  exploratory  studies  of  GDSS  within  the  lab.  This 
phase  saw  the  development  of  the  "decision  room"  concept  (Dennis  and  Gallupe,  1993). 
The  most  notable  decision  room  styled  GDSS  developed  during  this  time  was  the 
University  of  Arizona's  Plexsys  which  is  now  known  as  GroupSystems  (Dennis  and 
Gallupe,  1993).  The  third  phase  of  the  chronology  was  the  "Early  Experiments"  (Dennis 
and  Gallupe,  1993)  phase.  The  major  distinction  of  this  phase  is  the  introduction  of 
comparative  studies  of  GDSS  vs.  non-GDSS  supported  groups.  The  results  were  mixed 
but  the  underlying  theme  was  that  GDSS  had  a significant  effect  upon  group  meeting 
outcomes,  but  the  direction  and  weight  of  the  effect  was  still  unknown  (Dennis  and 
Gallupe,  1993).  Guzzo  and  Dickson  (1996)  reported  that  GDSS  use  overall  increases 
“.  . . decision  quality,  level  of  focus  on  task,  equality  of  participation  . . .”  (p.  321)  but 
decreases  overall  consensus  and  participant  satisfaction.  The  fourth  and  ongoing  phase 
of  the  chronology  is  the  "Field  Studies"  (Dennis  and  Gallupe,  1993)  phase.  This  phase 
includes  the  numerous  and  continuing  studies  conducted  at  various  sites  including  at  the 
University  of  Arizona  with  GroupSystems  and  those  conducted  at  the  University  of 
Minnesota  examining  the  use  of  the  Software  Assisted  Meeting  Management  System 
(SAMM)  by  the  IRS  (Dennis  and  Gallupe,  1993).  Results  of  these  studies  prompted 
researchers  to  further  investigate  specific  issues  such  as  parallelism  (group  members 
working  on  the  same  task  at  the  same  time),  anonymity  (Jessup  and  Tansik,  1991;  Jessup 
et  al.,  1990),  group  size  (Gallupe  et  ah,  1992),  process  structuring  (Lam,  1997;  Hiltz  et 
ah,  1996;  Sambamurthy  et  ah,  1993)  and  group  development  (Dennis  and  Gallupe,  1993). 
These  issues  will  be  further  examined  in  a following  section. 
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2,3,2  Conceptual  and  Theoretical  GDSS  Research 

One  of  the  first  attempts  to  bring  the  empirical  research  into  a cohesive  whole  in 

the  early  days  of  GDSS  research  is  the  conceptual  work  of  DeSanctis  and  Gallupe  (1987). 

They  proposed  a multidimensional  taxonomy  of  research  variables  in  GDSS  research. 

This  taxonomy  was  driven  by  three  factors:  group  size,  communication  channel  (face-to- 

face  vs.  computer-mediated)  and  task  type  (DeSanctis  and  Gallupe,  1987).  Groups 

formed  for  the  purpose  of  decision-making  were  functionally  defined  as 

. . . two  or  more  people  who  are  jointly  responsible  for  detecting  a problem, 
elaborating  on  the  nature  of  the  problem,  generating  possible  solutions, 
evaluating  potential  solutions,  or  formulating  strategies  for  implementing 
solutions.  (DeSanctis  and  Gallupe,  1987,  p.  590) 

Considering  this  definition  of  groups,  three  levels  of  group  support  via  GDSS 
were  proposed.  The  simplest  of  these  levels  is  a Level  1 GDSS.  Level  1 GDSS  provide 
such  features  as  large  screens  for  display  of  proposed  solutions  and  ideas,  voting 
mechanisms,  anonymous  idea  solicitation  and  electronic  message  exchange  capabilities 
(DeSanctis  and  Gallupe,  1987).  Level  2 GDSS  are  more  sophisticated,  providing 
decision  support  capabilities  as  seen  in  individual  decision  support  systems  (DSS). 

Finally,  Level  3 GDSS  is  the  most  sophisticated  of  the  three  levels.  Level  3 GDSS  are 
thought  to  incorporate  extensive  knowledge  bases  as  found  in  expert  systems  and 
computer-generated  communications  patterns.  These  communications  patterns  would  be 
imposed  upon  the  group  members,  creating  an  "automated  parliamentary  procedure" 
(DeSanctis  and  Gallupe,  1987  p.  594)  for  the  course  of  the  meeting.  Due  to  the 
complexity  of  such  systems,  Level  3 GDSS  have  not  been  extensively  studied. 

Another  influential  research  paradigm  proposed  by  Hiltz  (1988)  was  the  systems 
contingency  approach.  Like  many  others  at  the  time,  this  framework  focused  on 
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identifying  how  technology  was  accepted  and  implemented  and  the  resultant  effects  on 
productivity  and  performance.  Three  major  streams  of  concentration  were  identified  and 
bundled  into  what  is  called  the  systems  contingency  approach.  Technological 
determinism  studies  the  particular  features  of  a system  or  technology  and  how  those 
features  determine  user  behavior.  The  individual  differences  stream  focuses  on  an 
individual's  attitudes  and  capabilities  and  how  that  person  reacts  when  interacting  with 
new  technology.  Finally,  the  human  relations  stream  considers  individuals  as  members 
of  an  organization  and  the  subdivisions  of  these  organizations  determine  that  individual's 
behavior  (Hiltz,  1988).  According  to  systems  contingency  theory,  "Productivity  impacts 
are  hypothesized  to  be  contingent  upon  the  characteristics  of  the  higher-level  systems 
within  which  the  technology  is  used"  (Hiltz,  1988,  p.  1440).  The  implication  of  this 
theoretical  approach  is  that  there  is  no  correct  or  universal  method  on  group  systems 
design  due  to  that  fact  that  the  needs  of  each  organization  are  complex  and  vary  among 
the  subgroups  within  each  organization  (Hiltz,  1988). 

While  systems  contingency  theory  attempted  to  address  the  impact  of  GDSS  upon 
the  users  of  the  technology  and  the  decision  quality  following  from  such  use,  another 
theory  evolved  to  address  the  issue  of  the  process  of  GDSS  usage  within  the  organization. 

Poole  and  DeSanctis  (1990)  proposed  a new  theory  intended  to  resolve  some  of 
the  conflicting  results  gathered  from  empirical  research.  Adaptive  Structuration  Theory 
(AST)  considers  GDSS  use  as  an  input-process-output  model.  The  basis  of  the  model 
comes  from  the  structure  concept.  Structures  are  defined  as  " . . . the  rules  and  resources 
actors  use  to  generate  and  support  this  system,"  (Poole  and  DeSanctis,  1990,  p.  179) 
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where  system  refers  to  the  GDSS  under  consideration.  Gopal  et  al.  (1993)  relate  that  the 
GDSS  outcomes 

. . . reflect  the  manner  in  which  groups  appropriate  the  structures  of  the 
technology  and  the  context  of  its  use.  Appropriation  refers  to  the  manner  in 
which  structures  are  adapted  by  a group  for  its  own  use  through  a process  called 
structuration,  wherein  structures  are  continuously  produced  and  reproduced  (or 
confirmed)  as  the  group's  interaction  process  occurs.  (Gopal  et  al.,  1993,  p.  47) 

Inputs  to  the  model  include  variables  such  as  group  characteristics,  task 

characteristics,  environment  and  group  member  attributes,  among  others.  The  process 

segment  of  the  model  considers  group  member  attitudes  and  GDSS  characteristics. 

Finally,  the  outputs  of  the  model  include  outcome  quality  (whose  measurement  would  be 

subject  to  the  nature  of  the  task)  and  user  satisfaction  (Gopal  et  al.,  1993).  AST  has 

several  favorable  characteristics  including  flexibility  and  generality  and  has  been  adopted 

as  the  framework  for  several  empirical  studies  including  but  not  limited  to  Gopal  et  al. 

( 1 993)  and  Chidambaram  et  al.  ( 1 99 1 ). 

Nunamaker  et  al.  (1991)  presented  a high-level  research  model  that  describes  the 
major  influences  upon  GDSS  processes  and  outcomes.  In  this  model,  Nunamaker  et  al. 
use  the  terminology  EMS  (electronic  meeting  systems)  rather  than  GDSS.  The  factors 
influencing  GDSS  outcomes  are  group  characteristics,  task  characteristics,  context 
characteristics  and  the  technology  used.  Some  examples  of  group  characteristics  are 
group  size,  proximity,  cohesiveness,  and  previous  experience  within  the  group.  Several 
task  characteristics  are  the  activities  involved  in  task  completion,  complexity  and  time  to 
completion.  Context  relates  to  organizational  environment  and  culture,  incentive 
structure,  and  time  pressures  (Nunamaker  et  al.,  1991).  The  results  of  GDSS-supported 
activities  are  all  dependent  upon  the  interaction  of  these  factors. 


GDSS  are  believed  to  improve  the  quality  of  group  decisions  by  minimizing 
process  losses  and  maximizing  “process  gains."  Process  gains  occur  when  certain 
aspects  of  the  meeting  improve  the  eventual  outcome  or  result  and  process  losses  hinder 
or  reduce  the  eventual  outcome.  Thus,  the  overall  meeting  outcome  is  dependent  upon 
the  process  gains  versus  the  process  losses  (Nunamaker  et  al.,  1991).  Valacich  and 
Dennis  (1994)  presented  process  gains  and  losses  within  a mathematical  model,  which 
will  be  discussed  further  in  Section  2.4.  GDSS  are  intended  to  affect  this  balance, 
preferably  favoring  process  gains.  Nunamaker  et  al.,  list  four  “theoretical  mechanisms  by 
which  the  EMS  can  affect  this  balance  of  gains  and  losses:  process  support,  process 
structure,  task  structure,  and  task  support”  (Nunamaker  et  al.,  1991,  p.45).  Process 
support  is  the  communications  structure  by  which  group  members  exchange  information. 
GDSS  can  provide  or  enhance  process  support  in  several  ways.  Nunamaker  et  al.  list 
three  ways  in  which  EMS  can  provide  process  support.  First,  parallel  communication 
allows  group  members  to  present  ideas  at  the  time  they  are  generated,  allowing  all  ideas 
to  be  put  forth  and  minimizing  time  lost  due  to  interruptions.  Second,  group  memory 
allows  that  most,  if  not  all,  ideas  and  discussions  be  recorded  for  future  reference.  This 
feature  provides  a log  for  future  meetings  and  allows  the  meeting  to  continue,  should  an 
interruption  occur.  Finally,  anonymity  provides  better  evaluation  of  ideas  and  frees 
meeting  participants  from  any  anxiety  attached  to  presenting  possibly  unpopular  ideas. 
Process  structure  is  the  set  of  rules  and  techniques,  which  governs  the  content,  pattern 
and  timing  of  the  information  between  the  group  members.  EMS  can  provide  electronic 
agenda  capabilities  and  talk  queues.  Task  structure  is  the  set  of  rules,  techniques  and 
models  that  are  used  to  analyze  the  information  relevant  to  the  underlying  task.  EMS  can 
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provide  quantitative  modeling  tools  and  decision  support  systems  relevant  to  the  task  at 
hand.  Task  support  is  the  “information  and  computation  infrastructure”  (Nunamaker  et 
al.,  1991,  p.  45).  EMS  can  supply  electronic  tools  such  as  word  processors  or 
spreadsheets  or  access  to  previous  meeting  notes.  As  noted  in  Nunamaker  et  al.,  EMS 
can  enhance  the  mechanisms  for  process  support  but  can  also  contribute  negative  effects 
such  as  freeloading  (resulting  from  anonymity)  and  information  overload. 

2.3.3  Other  Research  Directions 

Vogel  and  Nunamaker  (1990)  proposed  a research  methodology  taxonomy  based 
on  research  performed  at  the  University  of  Arizona.  This  taxonomy  included 
mathematical  simulation  ot  various  group  processes  and  technological  characteristics, 
software  engineering  of  various  GDSS  capabilities,  including  graphics  and  storage 
facilities,  case  studies  of  actual  GDSS  use,  surveys  of  organizations  regarding  GDSS, 
field  and  laboratory  studies,  conceptual  (argumentative)  research  and  analysis  of  multi- 
session  (project)  meeting  data  (Vogel  and  Nunamaker,  1990). 

More  specifically,  Vogel  and  Nunamaker  proposed  that  mathematical  simulation 
of  electronic  brainstorming  should  be  studied  so  that  alternate  idea  exchange  schemes 
could  be  devised  and  subsequent  empirical  studies  as  to  their  effectiveness  could  be 
carried  out  (Vogel  and  Nunamaker,  1990).  Software  engineering  research  has  focused  on 
creating  ".  . . semantic  guided  interfaces  to  assist  end  users  in  accessing  information  for 
group  deliberations"  (Vogel  and  Nunamaker,  1990,  p.  22).  Case  studies,  while  difficult 
to  carry  out,  provide  valuable  quantitative  and  qualitative  information  regarding  task 
structure,  organizational  structure,  experience  of  decision-makers  and  outcome,  to  name  a 
few  variables.  Surveys  can  provide  qualitative  feedback  as  to  the  impact  of  GDSS  upon 
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real-time  organizations.  Field  studies,  where  GDSS  hardware  and  software  is  installed 
and  studied  at  the  user’s  site,  allow  GDSS  to  be  extensively  studied  within  the  user's 
"domain".  More  research  is  required  to  standardize  data  collection  and  analysis 
procedures  in  order  to  allow  cross-organizational  comparisons  to  be  accurately  made 
(Vogel  and  Nunamaker,  1990).  Lab  experiments  allow  for  more  controlled  manipulation 
of  variables,  but  are  often  limited  to  the  type  of  subjects  available,  such  as  business 
school  students.  Finally,  conceptual  research  involves  extending  the  capabilities  of 
GDSS,  particularly  by  adding  expert  systems  to  act  as  the  repository  of  group 
"intelligence"  and  by  adding  multi-criteria  decision  making  models  to  support  GDSS 
(Vogel  and  Nunamaker,  1990), 

Other  researchers  have  studied  such  topics  as  anonymity  and  proximity  (Jessup 
and  Tansik,  1991)  and  the  interaction  effects  between  the  two  variables  (Er  and  Ng, 

1995),  anonymity  and  evaluative  tone  (Connolly  et  al.,  1990),  adaptive  structuration 
theory  applied  to  the  use  of  technology  by  members  of  a group  (Poole  and  DeSanctis, 
1990),  cognitive  conflict  management  among  group  members  (Poole  et  ah,  1991; 
Sambamurthy  and  Poole,  1992)  among  others. 

2.4  Current  GDSS  Research  Issues 

Recently,  several  researchers  including  Barkhi  et  ah  (1996)  and  Sikora  and  Shaw 
(1996)  have  begun  to  focus  on  the  processes  rather  than  the  functions  of  GDSS.  Barkhi 
et  ah  (1996)  performed  experiments  examining  the  effects  of  various  processes  upon 
decision  quality  for  a production  problem.  Variables  such  as  incentive  structure  and 
communications  media  have  been  examined.  Barkhi  et  ah  (1996)  found  that  the 
organization  realizes  larger  profits  when  group  members  are  rewarded  based  on 
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individual  performance  rather  than  when  group  members  receive  an  equal  share  of 
organizational  profits.  Barkhi  et  al.  (1997)  also  found  that  communications  channel  also 
impacted  group  decision  quality.  Face-to-face  (FTF)  groups  were  compared  with 
Computer  Mediated  Communication  (CMC)  groups.  All  groups  in  the  study  used  the 
same  GDSS;  however,  the  FTF  group  members  were  physically  located  within  the  same 
room  and  could  observe  visual  cues  (such  as  body  language)  while  the  CMC  groups  were 
geographically  dispersed  for  the  duration  of  the  experiment.  The  researchers  found  that 
FTF  groups  performed  better  than  CMC  groups  for  certain  types  of  tasks.  Currently, 
other  variables  are  being  studied,  such  as  group  leadership  (groups  with  and  without  a 
leader)  and  interaction  effects  between  different  variables.  Chidambaram  and  Jones 
(1993)  performed  a similar  study,  examining  the  effects  of  communications  medium  on 
decision  quality  but  examined  audio  communication  (such  as  teleconferencing)  rather 
than  pure  computer-mediated  communication  as  in  Barkhi’s  1995  study. 

Sikora  and  Shaw  (1996)  studied  a group  problem-solving  approach  to  rule 
induction.  Rule  induction  involves  determining  decision  rules  from  a data  set.  A data  set 
was  divided  among  several  computer  programs  (agents),  which  in  theory  could  be  human 
group  members.  The  agents  then  generated  hypotheses  about  the  data,  based  on  the  data 
set  provided.  A genetic  algorithm,  discussed  in  Chapter  4,  was  used  to  simulate  the 
integration  of  the  hypotheses  into  a solution.  (Sikora  and  Shaw,  1996).  This  model 
provided  an  opportunity  to  study  the  way  in  which  data  was  distributed  among  various 
members  of  the  group,  the  number  of  group  members  and  the  "diversity"  among  the  data 
provided  to  each  agent.  This  was  meant  to  simulate  the  variation  in  beliefs,  knowledge, 
individual  problem-solving  approach  and  personal  goals  (Sikora  and  Shaw,  1996).  This 
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study  is  one  of  the  few  to  incorporate  simulation  into  a potential  model  for  computer- 
supported  group  work 

Valacich  and  Dennis  (1994)  presented  a simple  mathematical  model  of  electronic 
brainstorming  using  GDSS.  Their  model  presents  GDSS  brainstorming  as  the  ideas 
generated  by  a group  individuals,  each  working  alone,  accounting  for  process  losses  and 
process  gains.  In  other  words,  . . group  performance  is  a function  of  individual 
performance  minus  process  losses  plus  process  gains”  (Valacich  and  Dennis,  1994,  p.64). 

Perhaps  the  most  closely  related  GDSS  research  to  this  particular  research  project 
is  the  economic  analysis  of  GDSS  (Gavish  and  Kalvenes,  1998).  This  work  was 
preceded  by  research  on  distributed  GDSS  by  Gavish  et  al.  (1995,  1994)  where 
brainstorming  and  other  GDSS  activities  were  closely  examined.  An  important 
distinction  made  by  Gavish  and  Kalvenes  (1998)  was  the  existence  of  GDSS  beyond  the 
traditional  “decision  room”  model  used  in  much  GDSS  research.  This  is  an  important 
distinction  as  this  research  project  will  not  center  on  the  “decision  room”  model,  but 
rather  the  broader  definition  used  by  DeSanctis  and  Gallupe  (1987)  and  described  in 
Section  2.2.  The  details  of  Gavish  and  Kalvenes  (1998)  economic  model  will  be 
presented  in  Chapter  3. 

2.5  Directions 

As  highlighted  above,  most  of  the  available  GDSS  research  has  examined  group 
theory  and  functionality.  The  current  work  regarding  GDSS  processes  lays  the 
groundwork  for  imposing  a mathematical  model  for  further  insight  into  the  mechanisms 
of  GDSS  decision  processes  and  solutions.  As  group  work  in  both  face-to-face  meetings 
and  geographically  dispersed  meetings  becomes  more  important  and  prevalent  regarding 
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the  survival  and  success  of  the  organization,  more  knowledge  about  the  processes  is 
required. 

2.6  Conclusions 

This  chapter  has  presented  a brief  background  on  some  of  the  relevant  research 
issues  surrounding  GDSS.  We  have  attempted  to  highlight  major  developments  from 
empirical  and  conceptual  studies  as  well  as  the  current  direction  of  GDSS  research.  Now 
that  a context  for  GDSS  research  has  been  established  we  can  begin  to  describe  the 
context  of  our  particular  research  model. 

As  mentioned  previously,  our  research  goal  is  to  construct  an  analytical  model  for 
GDSS  capturing  the  adaptation  and  evolution  of  group  member  ideas.  Therefore,  the 
next  chapter  describes  several  examples  of  analytical  models  for  group  decision  support 
systems.  The  use  of  evolutionary  algorithms  and  models  in  similar  research  areas,  such 
as  organizational  behavior  and  negotiation  strategy,  is  also  presented. 


CHAPER  3 

AN  EVOLUTIONARY  MODEL  FOR  GDSS 
3.1  Introduction 

As  the  goal  of  this  dissertation  is  to  model  certain  GDSS  processes  as  GAs,  we 
need  to  explore  the  reasons  for  using  evolutionary  models  as  the  basis  for  this  research. 
We  also  need  to  examine  why  previous  models  for  GDSS  have  been  limited  and  why  an 
analytical,  genetic  algorithm  model  would  provide  additional  benefits  to  both  researchers 
and  practitioners.  Previous  models  of  GDSS,  including  contingency  theory  (Hiltz,  1988) 
and  more  recently.  Adaptive  Structuration  Theory  (AST)  (Poole  and  DeSanctis,  1990), 
have  been  used  to  attempt  to  understand  the  effects  of  GDSS  upon  decision  outcomes. 
There  have  been  very  few  attempts  to  present  an  analytical  model  of  why  GDSS  behaves 
in  particular  ways  given  particular  scenarios.  This  chapter  focuses  on  why  such  a model 
should  be  developed  and  why  an  evolutionary  model  was  selected.  We  presented  a 
mathematical  model  of  group  brainstorming  in  Section  2.4.  Three  other  such  models  will 
be  presented  in  Section  3.2.  All  but  one  of  these  models  will  be  shown  to  be  limited  in 
scope  and  application,  thus  requiring  the  construction  of  a more  robust  model  for  GDSS. 
Section  3.2  also  discusses  why  an  analytical  model  should  be  developed  for  GDSS. 
Section  3.3  briefly  presents  a related  area  of  research.  Distributed  Artificial  Intelligence 
(DAI).  This  section  was  included,  as  many  of  the  same  issues  presented  and  discussed  in 
DAI  are  relevant  to  our  research.  Section  3.4  discusses  why  an  evolutionary  model  is 
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appropriate  in  this  context  and  Section  3.5  presents  several  examples  of  evolutionary 
models  that  have  been  developed  within  economic  and  business  contexts. 

3.2  Whv  an  Analytical  Model? 

As  previously  stated  the  vast  majority  of  GDSS  research  has  focused  on  lab  and 
field  experiments  and  case  studies.  Vogel  and  Nunamaker  (1990)  suggest  using  six 
methodologies  for  the  study  of  GDSS:  ". . . mathematical  simulation,  software 
engineering  (including  prototyping),  case,  survey,  field  study,  lab  experiment,  and 
conceptual  (subjective/argumentative)  based  on  an  established  taxonomy  of  MIS  research 
methods"  (Vogel  and  Nunamaker,  1990  pp.  26-27;  Jenkins,  1985).  There  has  been  very 
limited  research  into  analytical  models  as  there  is  simply  a great  deal  to  be  studied  in  the 
field. 

The  mathematical  model  presented  by  Valacich  and  Dennis  (1994)  in  Section  2.4 
was  based  on  two  earlier  models  of  group  productivity.  Steiner  (1966)  presented  several 
models  for  group  performance,  assuming  only  process  gains  and  no  process  losses.  He 
stated  that  in  a group  activity  such  as  brainstorming,  the  total  group  potential  productivity 
is  not  additive  in  each  group  member’s  contribution,  rather  each  member’s  contribution 
has  a marginal  value  that  is  almost  always1  curvilinearly  decreasing  with  each  additional 
group  member  (Steiner,  1966). 


1 Groups  faced  with  additive-type  tasks  experience  a positive  linear  relationship  between  group  size  and 
potential  productivity  up  to  some  threshold  or  ceiling. 
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Later,  Steiner  added  “process  losses”  to  his  model,  where  process  losses  were  described 
as  the  failure  to  use  . . available  resources  in  the  most  advantageous  manner  permitted 
by  the  rules  under  which  they  are  obliged  to  work”  (Steiner,  1972,  pp.78-79).  Thus, 
actual  productivity  was  defined  as  potential  productivity  minus  process  losses.  The 
second  model  was  created  by  Bray  et  al.  (1978)  which  built  upon  the  earlier  work  of 
Steiner.  Bray  et  al.  discovered  that  process  losses  play  a significant  role  for  groups  of 
even  relatively  small  size  and  that  the  marginal  contributions  of  each  member  are  perhaps 
smaller  than  previously  believed  (Bray  et  al.,  1978).  It  is  important  to  note  that  these  two 
models  were  developed  for  groups  not  supported  by  GDSS  and  empirical  studies  in 
Chapter  2 found  GDSS  often  helped  to  reduce  such  process  losses. 

More  importantly,  the  model  proposed  by  Valacich  and  Dennis  (1994)  describes 
the  relationship  between  productivity,  process  losses  and  process  gains,  so  we  can  model 
the  positive  effects  of  GDSS  compared  to  groups  not  supported  by  GDSS.  Valacich  and 
Dennis  found  that  the  number  of  ideas  generated  during  the  brainstorming  component  of 
GDSS  could  be  modeled  as  a linear  function  of  process  gains  minus  process  losses.  An 
interesting  result  of  this  research  was  that  an  "overhead"  associated  with  GDSS  groups 
was  found  such  that  smaller  groups  (less  than  four  members)  had  no  advantage  or 
disadvantage  compared  with  working  individually  to  generate  ideas.  GDSS  made  a 
significant  impact  on  idea  generation  for  groups  with  four  or  more  members  (Valacich 
and  Dennis,  1994).  However,  this  model  is  quite  limited  in  that  it  provides  no  insight 
into  group  behavior  conditional  on  the  variables  and  pressures  acting  upon  the  group. 
Also,  this  model  cannot  offer  insights  into  the  expected  behaviors  of  group  members 
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given  a specific  environment  or  task,  nor  can  it  provide  any  analysis  of  the  solution  space 
itself. 

A recently  developed  model  that  has  important  implications  for  this  research  is 
the  economic  model  for  GDSS  proposed  by  Gavish  and  Kalvenes  (1996,  1998),  and 
previous  work  by  Gavish  et  al.  (1995).  One  of  the  important  features  of  this  model  is  that 
it  considers  GDSS  use  by  groups  to  be  in  the  format  of  a search  problem  with  a very  large 
search  space.  This  is  important  due  to  our  central  argument  that  groups  using  GDSS  act 
like  a GA,  itself  a search  tool.  According  to  their  model,  every  feasible  solution  has  a 
payoff,  which  must  be  balanced  with  the  cost  of  performing  the  search.  Another  aspect 
of  interest  in  their  model  is  the  discussion  of  a “trigger  phenomenon”  (Gavish  and 
Kalvenes,  1998).  This  is  the  case  when  an  original  idea  “triggers”  a new  line  of 
reasoning  or  discussion.  The  model  also  addressed  the  probability  of  finding  a solution, 
the  expected  net  benefit  of  finding  a particular  solution,  stopping  criteria,  and  the 
marginal  value  of  group  size  (Gavish  and  Kalvenes,  1998).  We  believe  that  many  of  the 
features  inherent  in  the  Gavish  and  Kalvenes  model  (1998)  can  be  incorporated  into  the 
evolutionary  model  proposed  later  in  this  research  and  the  features  mentioned  above  are 
certainly  complementary  to  our  proposed  model.  However,  their  model  while 
complementary  to  our  proposed  model,  does  not  provide  the  high-level  modeling 
capabilities  of  the  genetic  algorithm.  The  model  does  not  take  into  account  systemic 
factors  such  as  the  rate  of  idea  exchange  between  group  members,  the  diversity  of 
solutions  within  groups  or  the  impact  of  reward  upon  decision  quality  among  other 
factors.  Therefore,  while  the  economic  model  and  the  proposed  evolutionary  model  are 
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highly  compatible,  the  proposed  evolutionary  model  goes  further  in  providing  a system- 
wide  level  of  analysis. 

Recently,  there  has  been  a great  deal  more  interest  in  building  computational 

models  for  GDSS.  Computational  models  differ  from  mathematical  models  in  that  they 

view  a decision  process  as  a type  of  computer  program  (Rao  et  al.,  1995).  One  of  the 

attractive  features  of  computational  models  allows  the  component  of  the  system  under 

observation  to  be  studied  at  regular  intervals,  providing  a "micro"  analysis  of  the  system. 

Mathematical  models  are  usually  intended  to  describe  the  system  or  process  as  a whole, 

providing  a "macro"  analysis  of  the  system,  while  allowing  individual  processes  to  be 

examined,  thus  providing  "micro"  analysis  capabilities  as  well.  Sikora  and  Shaw  (1996) 

presented  a machine  learning  model  for  group  problem  solving  which  attempts  to  learn 

rules  from  a data  set  using  identical  learning  agents  as  the  "group."  Their  research 

attempts  to  answer  questions  regarding  group  size,  the  effects  of  data  distribution  (who 

knows  what)  and  the  diversity  of  knowledge  within  the  group. 

However,  we  must  still  answer  the  question  of  why  an  analytical  model  is 

required?  Rao  et  al.  (1995)  studied  computational  models  of  team  processes  and  stated 

. . . computational  models  . . . can  provide  a bridge  between  theoretical  model, 
and  experimental  studies.  The  computational  modeling  approach  is  thus  a vehicle 
for  translation  from  the  relatively  abstract  (the  sociological  and  behavioral  levels) 
to  the  relatively  concrete  level  (that  of  the  computational  program).  (Rao  et  ai„ 
1995,  p.  256) 

More  generally,  computational  models  of  business  processes  were  studied  by  Raghu  et  al. 
(1997).  Specifically,  a computational  approach  offers  the  advantages  of  providing  an 
appropriate  simulation  environment  for  hypothesis  testing,  a standardized  dictionary  of 
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concepts  and  mechanisms  that  describe  the  various  group  phenomena,  and  a logical  and 
flexible  model  for  examining  individual  processes,  (Rao  et  al.,  1995). 

We  argue  that  the  analytical  model  presented  in  Chapter  7 will  provide  the 
consistency  and  flexibility  required  and  additionally  will  allow  the  examination  and  study 
of  group  processes  on  a macro  level.  In  other  words,  computational  models  provide  a 
good  view  of  group  micro  processes  but  in  order  to  "see  the  big  picture"  a macro  view, 
such  as  can  be  provided  by  a mathematical  or  analytical  model  such  as  the  one  we  will 
propose  is  also  necessary.  Rao  and  Jarvenpaa  (1991)  presented  the  case  for  theoretical 
models  for  GDSS  by  stating  “. . . the  inconsistencies  in  empirical  results  are  partly  due  to 
the  lack  of  well-articulated  theoretical  models  for  developing  hypotheses  and  interpreting 
results”  (Rao  and  Jarvenpaa,  1991,  p.  1348). 

3.3  Distributed  Artificial  Intelligence 

This  section  presents  an  area  of  research  closely  related  to  group  decision  support 
systems,  in  fact  DAI  is  often  considered  a component  of  GDSS  research.  The  following 
subsections  will  present  contributions  to  the  field  and  we  will  discuss  how  these 
contributions  add  to  the  current  research. 

3.3.1  What  Is  DAI? 

According  to  Kersten  and  Szpakowicz  (1994), 

Distributed  Artificial  Intelligence  (DAI)  and  cooperative  problem  solving  are  a 
framework  in  which  tasks  are  assigned  to  agents,  resources  allocated,  joint 
decisions  made  and  plans  developed  (p.258) 

In  DAI  research,  agents  can  be  either  artificial  agents  or  human  ones.  Using  artificial 
agents  as  a starting  point,  researchers  have  developed  useful  mechanisms  and  methods  to 
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model  collaboration  in  groups  (Gasser,  1994).  This  distinction  between  human  and 
artificial  agents  is  necessary,  as  human  agents  are  much  more  poorly  understood  than 
artificial  ones,  and  also  as  artificial  agents  can  be  designed  to  be  highly  efficient  or  to 
accurately  model  human  agents  (which  is  usually  not  the  same  thing). 

3.3.2  Research  Streams 

One  area  of  interest  to  the  DAI  community  is  of  negotiation  processes.  This 
stream  is  often  referenced  by  and  included  in  the  GDSS  research  streams  due  to  its 
applicability  to  negotiation  in  use  of  GDSS.  The  human  experience  is  often  used  as  a 
platform  to  model  negotiation  in  such  systems.  Multi-attribute  agency  theory  is  also 
often  used  in  modeling  the  negotiation  process,  (Kersten  and  Szpakowicz,  1994;  Schoken 
and  Hummel,  1994;  Sycara  and  Lewis,  1994;  Rosenschein  and  Ephrati,  1994). 

As  discussed  in  Section  3.2,  Sikora  and  Shaw  (1996)  and  in  Section  3.5,  Oliver 
(1996)  also  examined  artificial  agents  in  a collaborative  framework.  Both  researcher 
teams  used  artificial  agents  in  their  respective  research  projects  but  hypothesized,  like 
much  of  the  literature,  that  their  findings  might  be  generalizable  to  human  agents. 

3.4  Why  an  Evolutionary  Model? 

The  learning  and  brainstorming  components  of  GDSS  can  be  intuitively  viewed 
as  an  adaptive  process.  That  is,  the  first  attempt  to  arrive  at  a solution  is  probably  not  the 
solution  considered  to  be  the  best  possible  solution.  Most  group  learning  and 
brainstorming  activities  can  be  viewed  as  adaptive  processes,  where  a potential  solution 
is  presented  to  the  group,  feedback  is  received  from  the  group  and  the  solution  is 
subsequently  refined.  According  to  Gallupe  et  al.,  . . some  people  do  hear  ideas  that 
prompt  them  to  think  of  other  ideas  which  they  might  not  have  otherwise  thought”  (1992, 
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p.  351)  during  the  idea  generation  (brainstorming)  and  / or  negotiation  processes.  This 
process  continues  until  an  acceptable  solution  is  reached. 

Holland  (1975)  extensively  studied  adaptation  within  natural  and  artificial 
systems.  He  stated  “.  . . adaptation,  whatever  its  context,  involves  a progressive 
modification  of  some  structure  or  structures”  (Holland,  1975,  p.  3).  We  will  consider  the 
solutions  proposed  by  each  group  member  as  the  structures  in  our  study.  In  general,  the 
concepts  of  adaptation  over  time  and  evolutionary  process  have  been  used 
interchangeably.  One  useful  model  of  evolutionary  processes  is  the  Genetic  Algorithm. 
According  to  Forrest  (1996)  “Genetic  algorithms  are  known  primarily  as  a problem- 
solving method,  but  they  can  also  be  used  to  study  and  model  evolution  in  various 
settings,  including  . . . , social  (such  as  economics  and  political  systems)”  (Forrest,  1996, 
p.  79).  Sikora  and  Shaw  (1996)  presented  an  evolutionary  approach  to  Group  Problem 
Solving  for  rule  induction,  using  the  Distributed  Learning  System.  A genetic  algorithm 
presented  in  Chapter  4,  is  used  to  ".  . . simulate  the  evolution  of  a group  solution  resulting 
from  group  interaction  and  coordination"  (Sikora  and  Shaw,  1996,  p.  191).  Our  study  is 
different  in  that  we  wish  to  use  genetic  algorithms  as  a model  of  understanding  the 
dynamics  of  GDSS.  GA  models  can  be  used  to  shed  light  on  such  dynamics  and 
behaviors  occurring  within  a system  such  as  that  of  a GDSS-supported  group.  Such 
models  “.  . . are  being  used  to  discover  qualitative  patterns  of  behavior,  and  in  some 
cases,  critical  parameters  in  which  small  changes  have  drastic  effects  on  the  outcomes” 


(Forrest,  1993,  p.  877). 
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3.5  Previous  Use  of  Evolutionary  Models 

Other  researchers  have  modeled  many  such  iterative  processes  as  evolutionary 
events.  The  organizational  behavior  literature  has  extensively  focused  on  evolutionary 
models  of  organizational  learning  and  behavior.  For  example,  Bruderer  and  Singh  (1996) 
presented  an  evolutionary  model  of  organizational  behavior  using  a genetic  algorithm  to 
simulate  the  organizational  learning  process.  Their  research  is  unique  as  it  specifically 
uses  a genetic  algorithm  as  the  model  for  organizational  evolution,  as  opposed  to  simply 
simulating  behavior  using  a genetic  algorithm.  Also,  Lounamaa  and  March  (1987) 
described  an  analytical  model  of  organizational  learning  that  attempted  to  capture 
adaptation  as  a type  of  hill-climbing  search  algorithm. 

The  economics  literature  has  also  made  extensive  use  of  evolutionary  models. 
Arifovic  explored  genetic  algorithm  learning  in  economic  environments  in  her  1991 
doctoral  dissertation  (Arifovic,  1991).  She  has  since  expanded  her  research,  examining 
genetic  algorithms  as  applied  in  inflationary  economies  (Arifovic,  1995)  and  a genetic 
algorithm  approach  to  decision  rule  generation  for  exchange  rates  in  experimental 
economies  (Arifovic,  1996).  Marks  et  al.  (1995)  examined  oligopoly  behavior  in  an 
adaptive  framework  and  used  a GA  to  simulate  market-pricing  movements  in  the  coffee 
industry. 

Jim  Oliver  (1996)  presented  an  evolutionary  model  for  electronic  commerce. 

Using  a genetic  algorithm  for  learning,  automated  agents  learn  strategies  for  business 
negotiations.  His  investigation  focuses  on  a series  of  simulations  of  automated 
negotiation  tasks  using  a genetic  algorithm  on  artificial  agents.  The  research  is  somewhat 
generalizable  to  humans  given  specific  tasks. 
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De  la  Maza  and  Yuret  (1995)  presented  a simulation  of  stock  market  participants 
using  genetic  algorithms  as  the  mechanism  in  which  the  participating  agents  changed 
their  trading  strategies  as  the  simulation  progressed.  While  this  research  did  not  involve 
a genetic  algorithm  model  for  stock  market  transactions,  it  did  incorporate  the  idea  that 
agents  in  a simulation  had  the  capacity  for  changing  their  strategies  and/or  behaviors  over 
time. 

Whitescarver  et  al.  (1997)  presented  an  architecture  for  "evolutionary" 
collaborative  systems  on  the  Internet.  Their  paper  focused  mostly  on  the  need  for  a 
model  that  allows  for  changes  over  time,  or  a dynamic  approach  rather  than  the 
traditional  static  approach  to  systems  modeling.  One  very  early  paper  by  Hiltz  and 
1 uroff  (1981)  proposed  that  users  of  computerized  conferencing  systems  would 
experience  an  evolution  of  behavior,  and  that  this  evolution  should  drive  changes  in  both 
design  and  policy  regarding  such  systems. 

Genetic  programming,  an  evolutionary  computing  technique,  was  used  by 
Dworman  et  al.  (1996a,  1996b)  to  automate  the  discovery  of  game  theory  models.  Other 
research  using  evolutionary  approaches  to  negotiation  and  game  theory  appear  in  Axelrod 
(1987)  and  Matwin  et  al.  (1991). 

3.6  Conclusions 

There  is  a documented  need  for  more  research  into  analytical  models  for  GDSS. 
Also,  there  is  an  established  research  record  justifying  the  use  of  evolutionary  models  as 
the  basis  of  a formal  mathematical  model.  Therefore,  the  rest  of  this  research  paper  will 
present  an  evolutionary  analytical  model  for  GDSS. 
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Chapter  4 presents  an  overview  of  genetic  algorithms,  including  background, 
definitions  and  an  explanation  of  how  the  genetic  algorithm  works.  This  chapter  will 
provide  the  theoretical  background  for  our  model.  Once  this  formal  theory  for  genetic 
algorithms  has  been  discussed,  we  can  finalize  the  construction  of  our  evolutionary 
model  for  GDSS. 


CHAPTER  4 

THE  GENETIC  ALGORITHM 
4.1  Introduction 

This  dissertation  studies  the  representation  of  certain  GDSS  processes  as  a genetic 
algorithm  (GA).  This  chapter  begins  by  describing  what  a genetic  algorithm  is  and  how 
it  works  (Sections  4.2  and  4.3).  From  there  we  turn  to  formal  models  of  GAs,  including 
the  Nix-Vose  simple  genetic  algorithm  model  for  binary  representations  (1992)  (see 
Section  4.4)  and  the  Koehler,  Bhattacharya  and  Vose  general  cardinality  model  (1998) 
(see  Sections  4.5  - 4.6).  For  this  research  project,  we  are  interested  in  how  similar  or 
diverse  the  ideas  are  as  proposed  by  the  different  group  members.  Diversity  issues  in 
genetic  search  as  related  to  this  particular  research  project  are  discussed  (see  Section  4.7). 
We  then  show  how  to  use  the  models  to  compute  values  such  as  the  expected  waiting 
time  to  first  see  an  optimal  solution  (see  Section  4.8).  Since  we  wish  to  model  particular 
GDSS  processes  as  GAs,  we  need  to  fit  a GA  with  actual  data  from  GDSS  sessions.  In 
Sections  4.9  -4.11  we  study  how  to  determine  maximum  likelihood  estimations  of  a GA 
process.  We  then  describe  the  test  used  to  determine  the  significance  of  these  estimates 
(see  Section  4.12). 


31 


32 


4,2  The  Traditional  Genetic  Algorithm 

Genetic  algorithms  (GAs)  are  general-purpose  search  algorithms  driven  by  the 
basic  principles  of  Darwinian  natural  selection  and  evolution.  Search  is  performed  from 
a population  of  agents,  rather  than  the  traditional  single  point.  Such  agents,  called  strings 
or  chromosomes,  explore  a space  using  three  basic  operations.  First,  strings  are  evaluated 
according  to  a given  objective  function.  This  evaluation,  or  fitness,  influences  the 
proportion  of  the  string  in  the  next  time  series,  or  generation.  Fitter  strings  generally  have 
a greater  chance  of  being  stochastically  selected  for  the  next  generation.  Second,  selected 
strings  are  recombined,  or  crossed,  in  hopes  of  discovering  better  or  fitter  strings  by 
combining  genetic  material.  Third,  the  selected  strings  are  randomly  mutated  to  replace 
any  lost  diversity  after  selection  and  crossover.  As  such.  GAs  are  a stochastic  search 
technique.  GAs  have  several  important  distinguishing  characteristics  from  other  search 
methods.  These  include 

1 . GAs  work  with  a coding  of  the  parameter  set.  not  the  parameters 

themselves. 

2.  GAs  search  from  a population  of  points,  not  a single  point. 

3.  GAs  use  payoff  (fitness)  information,  not  derivatives  or  other  auxiliary 

knowledge. 

4.  GAs  use  probabilistic  transition  rules,  not  deterministic  rules. 

(Goldberg,  1989,  p.  7) 

4,2.1  Genetic  Search 

To  answer  the  question,  what  is  it  about  working  with  the  coding  of  the  parameter 
set,  rather  than  the  parameters  themselves  that  is  so  important,  we  can  look  to  Goldberg 
(1989).  When  working  w ith  a parameter  to  a problem,  resolution  of  the  problem  is  often 
attempted  by  manipulation  of  the  parameter.  However,  this  parameter  might  be  subject 
to  limitations  imposed  by  the  manipulation  algorithm  used,  such  as  derivative  existence, 


function  noise,  continuity  and  the  like.  By  working  with  the  coding  of  the  parameter  set, 
we  have  removed  this  issue  from  consideration. 

Genetic  search  has  several  other  advantages  over  other  methods  mentioned  briefly 
in  the  previous  section.  Since  GAs  use  a population  of  points,  rather  than  a single  point, 
as  seen  in  linear  programming  methods,  there  is  greater  chance  that  a globally  optimal 
solution  will  be  reached,  instead  of  being  trapped  in  a local  basin.  Other  search 
techniques  require  external  information  to  the  problem  at  hand,  such  as  derivatives  or 
continuity.  GAs  require  only  payoff  information  generated  by  evaluation  by  the  fitness 
function  at  each  time  interval.  Finally,  GAs  use  probabilistic  rather  than  deterministic 
transition  rules  to  explore  the  search  space.  The  probabilistic  nature  of  GAs  allow 
regions  of  the  search  space  that  might  contain  the  optimal  solution  to  be  more  thoroughly 
searched  than  those  regions  that  are  less  likely  to  contain  good  solutions  (Goldberg, 

1989). 

4,2.2  Mechanics  of  the  Simple  Genetic  Algorithm 

The  simple  genetic  algorithm  uses  three  biologically  inspired  operators. 

Selection,  or  reproduction,  is  the  operator  that  tends  to  take  the  '‘fittest”  members  of  the 
population  for  use  in  generating  the  next  generation.  Crossover  combines  genetic 
material  between  selected  members  of  the  population.  Finally,  mutation  adds  diversity 
back  into  a population. 

Selection  occurs  similar  to  that  of  asexual  reproduction  in  the  natural  world. 
Chromosomes  that  are  deemed  “fit”  by  measure  of  a pre-defined  fitness  function  are 
stochastically  more  likely  to  be  represented  in  future  populations.  Strings  are  thus  drawn 
with  replacement  from  the  current  generation  with  bias  according  to  a fitness  measure 
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and  placed  into  the  next  generation.  This  method  is  known  as  stochastic  sampling  with 
replacement,  or  more  commonly  referred  to  as  “roulette  wheel”  selection.  Other 
commonly  used  selection  schemes  include  tournament  selection  and  rank  selection.  In 
tournament  selection,  strings  are  drawn  from  the  population  using  the  method  above  in 
pairs  and  the  string  with  the  higher  fitness  value  is  placed  in  the  new  population.  Rank 
selection  starts  by  sorting  the  population  according  to  fitness  value.  Each  string  receives 
new  copies  that  are  placed  in  the  new  population  according  to  a function  of  this  ordering. 
Several  other  variations  of  selection  are  discussed  in  Goldberg  (1989). 

Crossover  implements  a mating  strategy  for  the  combination  of  “good”  genetic 
material  between  fit  parents.  After  the  selection  procedure  is  complete,  crossover  is 
applied  with  a predetermined,  fixed  probability,  called  the  crossover  rate,  usually  ranging 
from  0.6  to  1 .0.  Two  members  of  the  new  population  are  paired  up,  each  selected  with 
the  probability  given  by  the  crossover  rate.  In  the  most  common  crossover  scheme,  one- 

point  crossover,  a single  site  is  uniformly  selected  with  probability  where  /is  the 

length  of  the  string.  The  parent  substrings  are  exchanged  on  the  right-hand  side  of  the 
crossover  site.  Two-point  crossover  works  in  a manner  similar  to  that  of  one-point 
crossover.  However,  the  string  is  viewed  as  a ring  and  two  crossover  sites  are  randomly 
and  uniformly  selected.  The  substrings  demarcated  by  the  two  points  are  thus  exchanged. 
Uniform  crossover  works  slightly  differently.  Each  string  is  selected  for  crossover  just  as 
in  single-point  crossover,  but  rather  than  selecting  a crossover  site,  each  bit  in  the  string 
is  exchanged  with  the  corresponding  bit  in  the  other  string  with  probability  2'f  (Vose, 
1998).  Other  crossover  schemes  exist  and  are  discussed  in  Goldberg  (1989). 
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Mutation  is  the  last  operation  on  the  population  before  the  next  generation  is 
completely  formed.  In  the  binary  case,  mutation  simply  requires  the  mutated  bit  becomes 
its  complement,  i.e.,  0 becomes  1 and  vice  versa.  Under  uniform  mutation,  mutation  is 
applied  with  a fixed,  pre-determined  probability  to  each  gene  (each  bit)  in  every  string. 
The  mutation  rate  is  kept  very  low,  usually  between  0.001  and  0.005,  in  order  to  keep  the 
search  from  diversifying  too  rapidly.  Other  mutation  schemes  are  available,  see  Goldberg 
(1989). 

4,3  The  Principle  of  Minimal  Alphabets 

Goldberg  (1989)  presented  Holland’s  (1975)  justification  for  using  binary  strings 
in  genetic  search  in  the  Principle  of  Minimal  Alphabets.  The  principle  states  that, 

“The  user  should  select  the  smallest  alphabet  that  permits  a natural  expression  of  the 
problem”  (Goldberg,  1989,  p.  80).  Others  have  argued  against  the  Principle  of  Minimal 
Alphabets.  Antonisse  (1989)  presented  a theoretical  argument  refuting  the  principle. 
Empirical  results  have  provided  mixed  results  (Shaffer,  1984;  Davis,  1991;  Janikow  and 
Michalewicz,  1991;  Wright,  1991).  As  formal  models  for  both  binary  and  general 
cardinality  simple  genetic  algorithms  have  been  developed,  preliminary  empirical  studies 
have  generally  supported  the  Principle  of  Minimal  Alphabets  (Rees  and  Koehler,  1997). 

4.4  Formal  Models  for  Binary  Genetic  Algorithms 

The  next  section  will  present  several  formal  models  for  genetic  algorithms. 

Section  4.4.1  will  present  the  Vose-Liepins  model  for  the  infinite  population  size  binary 
case  of  the  simple  genetic  algorithm.  Section  4.4.2  contains  the  Nix-Vose  Markov  Chain 
(MC)  model  for  the  finite  population  size  simple  genetic  algorithm. 


4.4.1  The  Vose-Liepins  Binary  Model 


Vose  (1990)  and  Vose  and  Liepins  (1991)  provided  a precise  formulation  for  the 
expected  behavior  of  the  simple  genetic  algorithm  having  an  infinite  population  size.  The 
GA  operates  within  the  confines  of  two  basic  operations,  namely  focusing  (selection)  and 
dispersion  (crossover  and  mutation). 

Let  Q be  a collection  of  binary  strings  of  length  t?and  let  r = |Q|  = 2C  be  the 
number  of  possible  strings.  We  consider  a particular  generation,  t,  of  the  genetic 
algorithm.  This  generation  t can  be  expressed  as  a vector  xl  e 9T.  The  ith  component  of 
this  vector  is  the  probability  that  the  ith  string  in  generation  t is  selected  to  appear  in  that 
population.  Now  assume  that  rij(k)  is  the  probability  that  string  k is  the  child  of  the 
mating  process  between  parent  strings  i and  j.  An  important  result  from  Vose  and 
Liepins  is  that 


where  © is  the  exclusive-or  operator.  Therefore,  if  we  substitute  0 for  h,  the  result  is 


The  non-negative  diagonal  matrix  F,  has  entries  along  the  diagonal  f(i),  where  f is 
the  objective  or  fitness  function.  The  mixing  matrix  M has  as  its  i,jth  component 


(k  © h) 


(o). 


mij  = rij(O) 


and  <TkX  is  a permutation  of  x and  is  defined  as 
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The  mixing  operator  is  defined  as 


3/(x)  = 


(a0x)  Ma0x 
(a,x)  Mct,x 


(CTr-,x)  Mar_,x 


The  matrix  M is  defined  by 
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where  rj  = , division  by  zero  at  pi  = 1 is  removed  by  continuity  and  where 

\-M 

Ag,k,h  = |(2 h — l)  <S>  g|  — 1(2 h - l)  0 k| . 

Finally,  % denotes  the  crossover  rate  and  p denotes  the  mutation  rate.  Vose  and 
Liepins  (1991)  then  demonstrated  that  simple  genetic  search  can  be  expressed  as  an 
operator 

G = F»  so  that  x = G(x). 

One  of  the  major  criticisms  of  the  Vose-Liepins  model  is  that  it  assumes  an  infinite-sized 
population.  To  address  this,  Nix  and  Vose  (1992)  developed  a simple  extension  to  give  a 
finite  population  size  model,  covered  in  the  next  section. 

4.4,2  Nix-Vose  Markov  Model 


Using  the  infinite  population  size  model,  Nix  and  Vose  (1992)  developed  a finite 
population  model,  a Markov  Chain  model,  for  binary,  simple  genetic  algorithms.  This 
model  provides  an  exact  representation  for  the  expected  populations  of  a GA  over  time. 
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P is  a population  of  elements  from  Q where  n = |P|  is  the  population  size  and  N is 
the  number  of  possible  populations.  A population  may  contain  multiple  copies  of  the 
same  string.  Each  state  of  the  Markov  Chain  represents  a population.  The  columns  of 
matrix  Z represents  the  possible  populations  where  Z is  of  size  r x N.  Each  state  i in  Z,  i 
g {0,...,N-1 },  indexes  a vector,  <J>i,  of  length  r.  e is  a vector  of  1 ’s  and  e?  denotes  its 
transpose.  Each  4>j  is  defined  by 
e’<t)j  = n 

(<t>0j  g {0,  1, n}  j = 0,  1, ...  r-1 
and 


<t>i  >-  <t>j  if  i < j 

where  >-  means  “lexicographically  greater  than.”  (<(>j)j  gives  the  number  of  copies  of 
string  j in  population  i.  N is  computed  by  the  formula, 

^n  + r-0 


N = 


r-1 


The  probability  of  transition  from  population  i to  population  j is  given  by 

r-1  n ('t’j)e 

!'•  • 'll'1' 


U C4>  j )K ! 
where,  under  proportional  selection, 


q„  - m 


f f»8  a 

Ve'  F<t>i  j 


The  Nix  and  Vose  model  (1992)  is  an  exact  representation  of  the  simple  GA  with  the 
states  of  the  Markov  chain  being  the  columns  of  the  matrix  Z (as  the  possible 
populations),  and  the  transition  probabilities  given  by  the  matrix  P, 


39 


4.5  The  General  Cardinality  Model 

The  previous  models  were  developed  specifically  for  binary  strings.  We  will 
focus  on  binary  strings  but  wish  to  present  the  general  cardinality  model,  as  we  will  be 
referring  to  this  model  in  the  future  research  section  of  this  research.  Bhattacharya  and 
Koehler  (1994)  extended  the  Vose  model  for  strings  with  digits  selected  from  2V 
cardinality  alphabets.  Koehler,  Bhattacharya,  and  Vose  (1998)  generalized  the  Vose- 
Liepins  model  for  strings  composed  of  digits  having  alphabets  of  cardinality  c,  where  c is 
an  integer  greater  than  1 . This  is  accomplished  by  replacing  the  Boolean  EXCLUSIVE- 
OR  and  AND  operators  with  multiplication  and  addition  over  rings  of  integers.  Their 
analysis  also  requires  Fourier  transforms  instead  of  Walsh  transforms,  typically  used  in 
GA  theory. 

4.5.1  Notations 

This  section  will  present  the  notation  used  by  Koehler  et  al.  (1998).  Z is  the  set  of 
all  integers  and  Z+  is  the  set  of  all  positive  integers.  For  any  integer  c > 2,  Zc  is  the  set 
{0,...,c-l } of  integers  modulo  c.  For  a,  b e Zc,  the  commutative  operators  ® and  © are 
defined  as 

a ® b = (ab)  mod  c 
and 

a © b = (a  + b)  mod  c 

The  multiplication  operator  ® is  distributive  and  takes  precedence  over  the  addition 
operator,  ©.  We  define  -x  as  the  unique  additive  inverse  of  x,  x e Zc.  The  operator,  e is 


40 


defined  by  y © x - y © (-x).  The  complement  of  k,  k e Zc  is  k , where  k is  unique  and  is 
defined  as  k ® k = 1.  Therefore,  for  any  j,  k e Zc 

j= j®k© j®k 

Strings  can  be  denoted  as  unique  integers  via  the  formula 

t- 1 

s = Zsici  ’ 

i=0 

where  f e Z+  is  the  length  of  the  string.  Q is  the  set  of  all  possible  strings  of  cardinality 
c.  In  certain  instances,  we  might  wish  to  specify  or  enumerate  the  set  of  all  possible 
strings,  denoted  by  Qc.  We  can  also  view  Q as  the  set  of  vectors  of  length  L Thus, 

s = 

The  operators  <S>  and  © are  applied  coordinate-wise  to  the  vectors.  The  permutation 
matrix,  P is  defined  as 

(P, »[k®s  = t], 

where  [ expr ] returns  1 if  expr  is  true  and  0 otherwise.  When  Pk  premultiplies,  the  rows 
are  permuted  by  row  i i->  row  i e k and  when  Pk  postmultiplies,  the  columns  are 
permuted  by  column  j h- > column  j © k. 

Again,  genetic  search  corresponds  to  the  operator  G = F ° ZM.  F is  the  diagonal 
matrix  where  f(),  the  fitness  function  makes  up  the  non-zero  components,  pj  and  xP  are 
as  defined  in  Section  4.5.2  below.  Q:  is  the  subset  of  Q where  the  cardinality  of  the 
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strings,  or  the  representations  of  strings  is  two.  j4/is  the  mixing  operator,  which 
permutes  the  mixing  matrix  M,  where 

Myz(w)  = 0.5£  Xp^(xp+xPl(y®  j)®p©p0(z©k)=w] 

pe£}2 

where  w is  the  child  of  parents  y and  z. 

4,5.2  Specialization  to  Mutation  and  Crossover  Rates 

Mutation  and  crossover  are  presented  in  Vose  (1998)  as  masks.  The  use  of  masks 
provides  a more  general  framework  than  the  use  of  rates.  However,  most  practitioners 
prefer  the  traditional  concept  of  mutation  and  crossover  rates  as  opposed  to  masks.  Vose 
(1998)  also  provides  the  formulas  for  expressing  rates  in  the  mask  notation.  That  is, 

for  mutation  rates  and 

[ Xci  if  i < 0 
X‘  jl-X  + XCo  if  i = 0 ’ 

where  for  one-point  crossover, 

if  3k  e (0,6)  and  i = 2k  -1 
otherwise 

Therefore,  an  analogous  model  of  the  Vose-Liepins  simple  GA  has  been  constructed  for 
general  cardinality  strings. 

4.6  Masks 

Section  4.5  provided  formulas  for  mutation  and  crossover  rates  within  the  general 
cardinality  framework.  The  use  of  crossover  and  mutation  masks  to  provide  a more 
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general  framework  from  a theoretical  point  of  view'  was  briefly  mentioned.  Masks 
provide  a broader  description  of  possible  mutation  and  crossover  schemes.  If  masks  are 
used,  we  can  fit  a data  set  to  a particular  scheme,  rather  than  a particular  rate  within  an 
assumed  scheme,  providing  a better  characterization  of  the  genetic  algorithm.  More 
specifically,  we  can  state  that  x and  p are  distributions  describing  the  probabilities  Xi  and 
Pi,  respectively,  w'here  i is  selected  from  Q (Vose,  1998).  Performing  crossover  and 
mutation  using  masks  occurs  as  follows.  For  crossover,  two  strings  are  selected 
according  to  the  selection  operation.  These  strings  are  referred  to  as  the  parent  strings.  A 
crossover  mask  i is  selected  according  to  some  distribution.  Two  child  strings  are 
produced  by  exchanging  bits  between  the  parent  strings  where  the  corresponding  mask 
bit  is  1 . For  mutation,  the  bits  in  x are  changed  where  the  corresponding  mask  bits  are 
l’s. 

4.7  Diversity  in  Genetic  Search 

One  issue  that  often  arises  in  genetic  search  is  the  issue  of  diversity  among 
proposed  solutions  in  each  generation.  In  very  general  terms,  diversity  is  the  variation  in 
ideas  proposed.  We  can  measure  population  diversity  (A)  as  the  distance  between  the 
solutions,  or  points,  in  the  solution  space.  Genetic  algorithm  research  has  concerned 
itself  extensively  with  the  concept  of  Hamming  distance  (Goldberg,  1989).  Mitchell 
(1996)  defines  Hamming  distance  as  the  number  of  locations  or  genes  at  which  the 
corresponding  values  or  bits  differ.  Other  such  distance  measures  are  possible,  however 
Hamming  distance  represents  the  simplest  and  most  widely  used  distance  measure  for 
complex  search  spaces  in  genetic  algorithm  literature.  We  will  compute  the  average 
Hamming  distance  for  each  population  by  computing  the  Hamming  distance  between 
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every  pair  of  solutions  in  the  population  and  summing  these  distances  over  all  pairs  in  the 

population.  This  sum  is  then  divided  by  the  number  of  solution  pairs  in  the  population  to 

create  an  average  diversity  level  for  each  population. 

As  we  have  adopted  a diversity  measure  for  use  in  this  research,  namely  the 

average  population  Hamming  distance,  which  we  will  denote  by  A,  we  need  to  be  able  to 

interpret  the  calculated  values.  For  example,  if  we  compute  A = 1.  98,  we  need  to  know 

what  that  value  implies  in  terms  of  diversity  (low  or  high).  The  lowest  level  of  diversity 

occurs  when  all  of  the  strings  in  the  population  are  identical,  giving  A = 0.  The  most 

“extreme’'  diverse  case  is  that  there  are  two  strings  in  the  population  where  the  two 

strings  are  complements,  for  example  101  and  010.  The  diversity,  A,  would  be  £,  the 

length  of  the  string.  However,  when  the  population  size  is  greater  than  two  strings, 

computing  the  maximum  average  diversity  becomes  more  complex.  The  maximum 

diversity  occurs  in  a search  space  when  all  of  the  strings  are  evenly  distributed 

throughout  the  search  space.  To  find  the  average  diversity  we  must  divide  by  the  number 

of  distinct  pairs  in  the  population.  However,  not  all  strings  of  length  £ are  feasible  due  to 

the  constraints  placed  upon  the  problem  solved  by  the  groups  in  this  research.  Therefore, 

rather  than  derive  a formula,  we  will  provide  an  example.  The  following  four  strings  are 

an  example  of  a typical  high-diversity  population  of  size  four. 

String  1:  10100100000000000000 
String  2:  10010000000010001000 
String  3 : 00000 1 1 00000000 10100 
String  4:  10100010010010001011 


44 

We  compute  A = 6.833.  It  is  possible  that  there  are  populations  with  higher 
average  levels  of  diversity.  The  research  questions  regarding  diversity  are  presented  in 
Chapter  5. 

4.8  Computing  Expected  Waiting  Times 

GA  performance  has  most  often  been  measured  in  terms  of  convergence 
properties  and  rates  (if  and  how  fast  an  optimal  solution  can  be  found).  However,  it  is 
often  useful  to  examine  the  behavior  of  a GA  while  it  is  searching  for  an  optimum,  or  the 
transient  behavior  of  the  GA.  De  Jong  et  al.  (1995)  and  Spears  and  De  Jong  (1996) 
empirically  explored  the  use  of  expected  waiting  times  to  characterize  different  aspects  of 
transient  GA  behavior.  For  future  research  we  would  like  to  know  how  long  it  takes  (on 
average)  for  a particular  string  to  show  up  in  any  population.  The  following  discussion 
holds  true  for  both  the  binary  and  general  cardinality  cases. 

The  expected  waiting  time  to  string  i provides  an  indication  of  when  a particular 
solution  will  be  generated  within  a particular  population.  We  can  compute  the  expected 
waiting  time  to  string  i as  demonstrated  in  Rees  and  Koehler  (1997).  Assume  the  initial 
population  is  population  h.  The  probability  that  h contains  i is  ekBej  where  B is  an  Nxr 
matrix  formed  by  setting  the  nonzero  entries  of  Z to  one.  String  i must  either  be  a 
member  of  h or  is  absent  from  h.  If  string  i is  absent  from  h,  the  probability  of  first 
seeing  i after  one  generation  is  the  sum  of  transition  probabilities  of  going  from  state  h to 
states  containing  i.  The  probability  of  seeing  string  i for  the  first  time  starting  from  state 
h in  t generations  (or  t transitions)  is  the  sum  of  probabilities  of  going  through  t-1  states 
without  seeing  i and  the  probability  of  going  to  state  containing  i.  This  can  be  precisely 
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described  by  the  following  where  e-,  is  the  ith  unit  vector,  d(x)  is  the  diagonal  matrix 
formed  by  any  vector  x,  and  P is  the  transition  matrix  from  Section  6.2. 

FP,t  = d(e  - Be,  )[d(e  - Be,  )Pd(e  - Be,  )J-1  PBe, 

The  rightmost  term  has  zeros  on  the  diagonal  for  states  containing  string  i and  ones 
otherwise.  The  middle  term  gives  t-1  step  transition  probabilities  to  states  not  containing 
string  i.  The  left  term  provides  the  one-step  (one  generation)  transition  probabilities  to 
states  containing  i.  Substituting  Dj  = d(e-Bei)  in  the  equation  above, 

FPt,  =[D,P]'Bei 

Now  we  can  compute  the  expected  first  passage  probabilities  to  states  containing 
string  i in  exactly  t or  fewer  transitions.  The  vector  is 

SFP,.(  =y[D,P]lBe, 

k=0 

The  expected  time  until  string  i is  first  seen  is  given  by 

ET,  =2>FPu  • 

1=0 

Denote  the  prior  probabilities  for  choosing  population  zero  by  the  vector  n.  The 
probability  of  expected  first  passage  times  to  states  containing  string  i in  t generations  or 
less  is  computed  by 

EFPi>t  = n'SFP,  t 

and  the  expected  waiting  time  to  string  i is  computed  by 
EWT,  = Tt'  ET, . 

We  will  choose  the  initial  population  with  replacement  from  Q,  so  we  can  specify  n as 
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n! 


g=0 

Therefore,  we  have  presented  a means  of  computing  expected  waiting  times  to  string  i. 

4.9  Estimation  Methods 

We  will  discuss  several  methods  for  estimating  the  transition  probability  matrix 
(tpm)  from  observational  data.  The  methods  discussed  will  only  apply  to  the  binary 
cardinality  case  although  it  could  be  easily  extended  to  cover  the  general  cardinality  case. 

Estimating  the  transition  probabilities  of  a Markov  chain  is  a common  problem  in 
many  disciplines.  For  example,  in  Marketing,  the  tpm  is  estimated  from  individual 
purchases  to  create  an  aggregate  household  purchasing  model  in  Kahn  et  al.  (1986).  The 
tpm  is  estimated  from  subpopulations  of  IBM  computer  users  to  resolve  market  share 
paradox  in  Benjamini  and  Krieger  (1992)  and  also  estimated  from  retail  banking  data  for 
strategic  analysis  in  Schniederjans  and  Loch  (1994). 

Benaroya  (1989)  presented  a basic  approach  to  calculating  transition  probabilities 
from  observational  data.  A frequency  approach  was  used  to  estimate  the  probabilities  for 
specific  occurrences,  which  were  then  used  to  compute  the  transition  probabilities. 
Sherlaw-Johnson  et  al.  (1995)  reported  a method  of  estimating  a tpm  from  observational 
data  when  there  are  infrequent  observation  intervals,  which  is  the  case  in  many  studies. 
We  will  not  be  using  this  method  due  to  the  regularity  of  the  data  collection  intervals.1 

Some  preliminary  background  material  is  presented  in  Section  4.9.1 . We  will 


We  will  focus  on  the  findings  of  Billard  and  Meshkani  (1995)  for  our  research. 
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present  three  methods  for  estimating  a tpm  from  observed  data.  The  first  method 
presented  is  the  maximum  likelihood  estimate,  discussed  in  Section  4.9.2.  The  second 
and  third  methods  are  empirical  Bayes  methods.  The  second  method  presented, 
discussed  in  Section  4.9.3,  is  the  empirical  Bayes  (EB)  method-of-moments  estimate  and 
the  third  method,  discussed  in  Section  4.9.4,  is  the  (EB)  maximum  likelihood  estimate. 

4.9.1  Notation 

Assume  Xt  is  a Markov  chain  where  t e T (where  T is  time).  The  values  of  Xt  e 
S,  where  S is  a finite  state  space.  Also,  assume  that  X,  has  a tpm,  P,  with  elements  Pj j 
where  i,  j e S (Billard  and  Meshkani,  1995).  We  also  assume  that  the  initial  distribution 
is  multinomial,  MS(1,0),  and  0 is  made  up  of  elements  0j,  i e S.  The  data  obtained  from 
an  experiment  can  be  expressed  as  xt=(x0,  Xi,  xT).  Note  that  the  subscripts  refer  to  the 
time  interval  from  which  a particular  observation  was  taken.  We  can  denote  the 
frequency  count  matrix  as  F,  where  Fjj  is  the  number  of  times  an  event  {X,.,  = i,  X,  = j;  t 
e T}  occurs,  and  define 

Fj+  = ^ F;  | (Billard  and  Meshkani,  1995). 

jeS 

4.9.2  Maximum  Likelihood  Estimation 

Perhaps  the  simplest  way  to  find  the  estimate  for  the  transition  probability  matrix 
is  to  use  the  maximum  likelihood  estimate.  The  maximum  likelihood  (ML)  estimate  of 
the  tpm,  PMl,  is  given  by  Billard  and  Meshkani  (1995)  as 
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which  is  interpreted  as  the  estimated  probability  of  going  from  state  i to  state  j in  one 
time  step,  divided  by  the  sum  of  the  estimated  probabilities  of  going  from  state  i to  any 
other  state  in  one  time  step. 

4,9,3  Method-of-Moments  Estimation 

The  empirical  Bayes  estimate  of  the  tpm,  PB,  assuming  a squared  error  loss 
function,  is  given  by 


where  p is  from  the  Matrix  Beta  (MB(p))  distribution  (Billard  and  Meshkani,  1995).  The 
following  two  methods,  the  method  of  moments  and  the  maximum  likelihood  method, 
can  be  used  to  estimate  p in  order  to  obtain  the  empirical  Bayes  estimate  of  the  tpm. 
Many  of  the  methods  traditionally  used,  such  as  expectations  for  PB  are  computationally 
too  complex  to  be  efficient.  Billard  and  Meshkani  used  the  simple  function 
My  = Fjj  / Fi+,  in  estimating  py. 

A system  of  equations  resulting  from  the  above  function  was  solved  for  py.  Several 
other  equations  were  made  available  from  which  the  sample  moments  from  the  observed 
data  could  be  derived.  These  equations  were  used  to  obtain  the  method-of-moments 
estimate  of  py,  denoted  by  ry.  Thus, 


where  r is  the  method-of-moments  estimate  of  p. 

4.9.4  Maximum  Likelihood  Estimates  of  p 

Another,  perhaps  simpler,  approach  to  estimating  p is  to  use  the  maximum 
likelihood  (ML)  estimate  of  p.  The  likelihood  of  the  F matrix  can  be  used  to  derive  a 
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function  that  can  be  maximized  for  each  i e S.  Meshkani  (1978)  showed  that  the  ML 
estimate  is  simply  a case  of  the  multinomial  distribution,  therefore 


This  section  details  the  derivation  of  the  likelihood  function  for  crossover  and 
mutation  and  calculate  the  transition  probabilities  from  the  data.  Although  we  need  to 
estimate  the  tpm,  our  transition  probabilities  are  parametrically  determined  by  p,  {,  and 
n.  This  simplifies  the  estimation  problem  considerably.  We  use  the  simple  maximum 
likelihood  procedure  presented  in  Section  4.9.2  in  deriving  our  likelihood  function. 
However,  maximum  likelihood  estimators  do  have  several  desirable  properties,  including 
invariance,  sufficiency  (if  the  parameter  itself  is  sufficient)  and  efficiency  (Mood,  1950). 
Possible  later  research  will  explore  usage  of  the  empirical  Bayes  estimates  to  provide 
more  detailed  analysis. 

To  find  the  maximum  likelihood  estimate  for  each  parameter  of  interest,  namely 
crossover,  x and  mutation,  p,  we  maximize  the  likelihood  function  obtained  by  the 
product  of  the  transition  probabilities  obtained  from  the  observed  data  as  shown  in  the 
following  section. 

4.10,1  Maximum  Likelihood  Function  for  y and  p 

We  now  show  how  to  estimate  and  p.  We  wish  to  maximize  the  likelihood  of 
seeing  a transition  path.  We  are  interested  in  the  probability  of  going  through  a path 
starting  from  the  starting  state  (in  our  problem  the  states  are  populations)  at  time  interval 


andp  is  the  maximum  likelihood  estimate  for  p. 


4.10  Likelihood  Function  Derivation 


t,  to  the  various  possible  states  (populations)  at  time  t + 1,  keeping  in  mind  that  the 
population  sizes  vary  at  each  time  interval. 

Let  P(|(N,  M)  be  the  probability  of  going  from  state  i (where  populations  are  of 
size  N)  at  time  t (the  current  generation)  to  state  j (where  populations  are  of  size  M)  at 
time  t+1  (the  next  generation).  Then  the  path  probability,  the  likelihood,  for  a given  chain 
is 

p^.n2)p,,,,(n,,n,)..  .pJi.,i(nt_„nt), 

where  N,.  N2,  ...NT  are  the  population  sizes  at  times  t = 1, 2,  ...  T.  We  will  maximize 
this  quantity  over  p and  /.  Therefore,  the  maximum  likelihood  function  over  1 and  p 
looks  like 


T-l 


™fnPjaJNi’Nm), 

**  i=I 

where  T is  the  number  of  time  intervals  in  the  Markov  chain  and  Nj  (defined  in  Section 
4.4.2)  is  the  population  size  at  time  interval  i. 

4,10.2  Computing  Transition  Probabilities 


In  order  to  compute  the  maximum  likelihood  over  x and  p,  we  must  have 
available  the  transition  probabilities  of  going  from  state  to  state.  Nix  and  Vose  (1992) 
derived  the  expression  lor  Pjj(n,n).  We  will  use  their  model  in  deriving  the  transition 
probabilities  for  our  model  with  a few  minor  differences.  Going  back  to  Section  4.4.2, 
the  probabilities  of  transition  from  population  i to  population)  for  a population  size  n is 
given  by 
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However,  we  no  longer  have  a single  population  size.  In  fact,  each  population  generated 
by  the  genetic  algorithm  can  be  of  a different  size.  We  can  adjust  this  formula  by 
denoting  the  size  of  the  population  from  which  string  i is  selected  as  nj.  Likewise,  denote 
the  size  of  the  population  from  which  string  j is  selected  as  nj. 

The  number  of  ways  of  choosing  zoj  occurrences  of  string  0 from  a population  of 


size  nj  is 


S' 


vz°j; 


We  express  the  number  of  ways  of  choosing  each  string  from  the 
population  of  size  nj  as 


n .! 


7 f 7 I 7 t 


Next,  we  can  write  the  probability  of  producing  population  Pj  from  Pj  as  multinomially 
distributed  as  shown  in  Section  4.4.2,  where  qi(g)  gives  the  probability  of  producing 
string  g from  population  Pj. 


pi,j(ni’nj)  = 


r-l  n M 


. n >q.  (g)lZsj  =nJ!IH 


From  Section  4.4.2,  we  also  know  that 


q„  = w 


( f4>,  a 

e'  p<t»i  J. 


Note  that  <t>j  is  related  to  nj  as  <j)j,  since  <j)j  contains  the  number  of  copies  of  each  possible 
string  in  the  population,  which  would  sum  to  nj.  Therefore,  we  can  express  the  transition 
probabilities  for  our  model  as 
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pi.j(ni.nj)=nj!n 
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Thus,  we  have  derived  the  transition  probabilities  for  our  model,  which  has  variable 
population  sizes. 

4.11  Optimal  Parameters 

In  order  to  find  the  maximum  likelihood  estimate  for  our  Markov  chain,  we  could 
set  the  partial  derivatives  with  respect  to  the  mutation  and  crossover  operators  to  zero  and 
solve  for  p and  %.  The  partial  derivatives,  with  respect  to  x,  are  relatively  easy  to  derive 
but  those  for  mutation  are  highly  non-linear.  It  is  unlikely  that  first-order  conditions 
would  be  sufficient  anyway.  Besides,  it  appears  the  equations  would  be  nearly 
impossible  to  solve.  Therefore,  we  decided  that  an  approximately  exhaustive  search  be 
performed  to  determine  the  optimal  values  of  the  crossover  and  mutation  rates.  We 
iterate  through  the  values  of  p from  0.0  to  0.5  (where  0.5  represents  a random  search)  and 
the  values  of  x from  0.0  to  1 .0,  inclusive. 

4,12  Significance 

In  order  to  measure  how  different  our  estimates  are  from  a genetic  algorithm 
using  random  search,  we  will  use  the  Wilcoxon  matched-pairs  signed-ranks  test  (Siegel, 
1956).  This  test  is  described  in  detail  in  Chapter  5.  The  rationale  for  using  this  particular 
test  was  that  we  wished  to  compare  the  maximum  likelihood  estimates  from  the  observed 
data  to  the  possibility  that  the  groups  behaved  like  a GA  using  random  search,  namely  a 
GA  where  x = 0.0  and  p = 0.5. 

Setting  the  mutation  rate  equal  to  0.5  is  commonly  regarded  as  setting  the  genetic 
algorithm  to  random  search.  However,  we  can  show  by  substitution  that  when  p = 0.5, 
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the  crossover  rate  does  not  factor  into  the  model  proposed  by  Nix  and  Vose,  and  wi 
set  x to  be  any  constant,  particularly  0.0. 


we  can 
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Therefore  if  pi  = 0.5,  the  crossover  rate  is  factored  out  of  the  equation.  Thus  we  will  keep 
X set  to  0.0  to  designate  a genetic  algorithm  set  to  random  search. 

4,13  Conclusions 

This  chapter  has  described  the  mechanics  of  a simple  genetic  algorithm.  This 
chapter  has  also  provided  some  detailed  mathematical  tools  for  the  analysis  of  genetic 
algorithms.  The  Vose  models  were  presented  along  with  the  general  cardinality  model 
for  the  simple  genetic  algorithm.  We  also  showed  how  expected  waiting  times  will  be 
computed  to  provide  a tool  for  measuring  GA  performance.  Several  methods  of 
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estimating  the  transition  probability  matrix  from  the  observed  data  have  been  discussed. 
We  have  also  derived  the  maximum  likelihood  function  for  crossover  and  mutation  as 
well  as  proposed  a method  of  calculating  a confidence  interval  for  our  maximum 
likelihood.  We  have  described  the  method  in  which  the  transition  probabilities  will  be 
computed  from  our  data.  The  measure  of  quality  of  fit  to  be  used  in  this  research  was 
also  presented.  The  next  chapter  will  detail  the  experimental  methodology  we  will  use  in 
our  study.  Chapters  2,  3 and  the  current  chapter  have  set  the  stage  for  the  construction  of 
an  analytical  model  for  Group  Decision  Support  Systems.  The  next  chapter  will  present 
our  basic  research  model  as  well  as  our  research  hypotheses  that  will  be  tested  later  in 
this  study. 


CHAPTER  5 

RESEARCH  HYPOTHESES 
5.1  Introduction 

This  chapter  presents  the  research  questions  of  this  dissertation.  We  wish  to 
answer  the  main  question  of  whether  or  not  groups  supported  by  GDSS  behave  like  a 
simple  genetic  algorithm.  We  start  by  describing  our  research  model  and  creating  a 
framework  for  answering  this  question  (see  Section  5.2).  Next,  we  argue  why  the  simple 
genetic  algorithm  is  a suitable  tool  for  implementing  our  model.  Finally,  the  variables 
thought  to  affect  group  decision  making  activities  are  described  in  this  section.  We  will 
be  examining  the  relationship  between  these  variables  and  GA  parameters  in  the  research 
hypotheses.  Once  these  variables  have  been  laid  out,  a series  of  hypotheses,  which  help 
answer  the  above  question,  is  posed  in  this  chapter  (see  Section  5.3).  We  also  pose 
several  hypotheses  intended  to  better  develop  and  understand  the  relationship  between 
GAs  and  GDSS  processes  (see  Sections  5.4,  5.5  and  5.6).  Some  descriptions  and 
definitions  are  provided  as  necessary. 

The  GA  parameters  referenced  in  the  research  hypotheses  are  crossover  (x)  and 
mutation  (p).  Crossover  is  regarded  as  the  “focusing”  or  “exploitation”  operator  (as  it 
combines  various  strings  in  the  population).  Fitter  strings  (strings  that  have  been  selected 
according  to  their  relative  fitness)  are  mated  with  probability  x ■ According  to  Goldberg 
(1989),  “.  . . the  action  of  crossover  with  previous  reproduction  speculates  on  new  ideas 
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constructed  from  the  high-performance  building  blocks  (notions)  of  past  trials,” 
(Goldberg,  1989,  p.  13).  Mutation  is  regarded  as  the  “exploration”  operator  as  it  has  the 
ability  to  create  strings  previously  unseen  within  the  current  population  (Goldberg,  1989). 
We  will  use  these  beliefs  about  the  role  of  crossover  and  mutation  in  the  formation  of  our 
hypotheses  relating  particular  group  characteristics  to  GA  parameters. 

5.2  The  Research  Model 

We  propose  that  group  problem  solving,  when  supported  by  GDSS,  can  be 
modeled  by  a simple  genetic  algorithm,  utilizing  selection,  crossover  and  mutation.  The 
ideas  generated  by  each  group  are  represented  by  a population  of  strings  and  each  string 
in  the  population  at  time  step  t represents  the  solution  proposed  by  each  respective  group 
member  at  time  step  t.  Selection,  crossover  and  mutation  operate  as  described  in  Chapter 
4 and  will  be  formally  modeled  in  Chapter  6.  The  solutions  proposed  by  each  group 
member  can  be  encoded  as  fixed-length  strings.  As  the  generations  evolve,  the  genetic 
algorithm  should  find  either  the  best  or  at  least  a very  good  solution.  We  believe  that 
GDSS  supported  groups  behave  similarly. 

We  propose  this  model  to  capture  the  brainstorming  and  idea  generation  process 
in  GDSS  supported  groups  as  we  feel  the  current  set  of  models  is  incomplete.  Our 
eventual  goal  is  to  create  an  analytical  model  that  can  capture  the  expected  behavior  of 
such  groups.  To  date,  there  have  been  very  few  models  proposed  in  either  the  group 
meeting  or  the  GDSS  literature  providing  such  a level  of  insight.  As  described  in  Chapter 
2,  most  of  the  GDSS  models  are  descriptive  models.  We  discussed  several  mathematical 
models  for  GDSS  in  Chapter  3. 
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We  have  chosen  a simple  genetic  algorithm  as  the  basis  of  this  model  for  several 
reasons.  First,  GAs  are  adaptive,  meaning  there  is  change  over  time,  in  response  to  the 
environment,  including  the  fitness  function  and  other  constraints.  This  captures  one  of 
the  basic  principles  of  group  decision  making  put  forth  by  Hirokawa  and  Johnson  that 
“Group  decision  making  is  an  evolutionary  process,”  (Hirokawa  and  Johnson,  1989,  p. 
503). 

The  second  reason  for  using  a GA  is  a body  of  formal,  mathematical  theory  has 
been  developed  to  describe  the  expected  behavior  of  the  simple  genetic  algorithm.  If 
GDSS  can  be  modeled  as  a GA,  this  theory  could  provide  numerous  insights  into  the 
group  decision-making  process.  Variables  and  different  environmental  pressures  thought 
to  influence  the  process  could  be  related  to  GA  parameters  and  then  factors  such  as  the 
expected  behavior  of  the  system  could  be  determined  or  optimized. 

To  better  illustrate  this  evolutionary  process,  we  constructed  a graphical 
description  of  the  process,  shown  in  Figure  5.1 . 


Figure  5.1 : The  Evolutionary  Process  of  GDSS-Support  Group  Work 
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The  figure  shows  that  several  variables  are  thought  to  have  an  influence  on  group 
processes  and  outcomes.  Among  these  variables  are  task,  communication  channel,  group 
characteristics,  incentive  structures  and  environmental  variables.  There  are  several 
different  task  types  mentioned  in  the  GDSS  literature.  Negotiation,  idea  ranking  and  idea 
generation  are  several  examples.  Communications  channel  refers  to  the  mode  of 
communication.  For  this  study,  we  are  considering  Face-to-Face  (FTF)  communication, 
where  all  participants  are  in  the  same  physical  location  and  have  visible  contact  with  the 
other  group  members  and  Computer-Mediated-Communication  (CMC)  where  the 
participants  are  geographically  dispersed.  Group  characteristics  include  group  size,  the 
presence  (or  absence)  of  a leader  and  group  makeup  or  composition.  Incentive  structures 
include  localized  incentive  schemes,  organizational  (global)  incentive  schemes,  leader 
incentive  schemes  (Barkhi,  1995),  hybrid  incentive  schemes  and  the  lack  of  external 
incentive,  which  can  be  classified  further  as  either  identification  (the  intangible  benefit  of 
group  membership)  or  internalization  (behavior  based  on  the  belief  in  group  norms) 
(Shamir,  1990;  Guzzo  and  Dickson,  1996).  The  environment  is  the  surroundings  within 
which  the  group  decision  making  process  takes  place.  Elements  of  the  environment 
include  (but  are  not  limited  to)  the  actual  GDSS  tool  used  in  the  decision  making  process, 
the  information  quality  available  to  group  members,  and  the  surrounding  corporate 
culture.  Also  note  that  the  environment  itself  exerts  influence  on  the  other  variables. 

The  group  decision-making  process  is  an  adaptive,  iterative  process  that 
eventually  results  in  a set  of  group  outcomes,  which  can  be  measured  by  such  factors  as 
decision  quality,  time  to  decision  and  satisfaction  with  the  solution.  Outcomes  or 
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decision  quality  have  several  metrics,  which  might  be  used  simultaneously,  including 
solution  quality  (which  may  or  may  not  be  objective),  time  taken  to  arrive  at  the  final 
solution  and  user  satisfaction  with  both  the  final  solution  and  the  process  used  to  arrive  at 
the  solution.  These  variables  within  the  context  of  the  experimental  data  used  to  validate 
this  model  are  described  in  detail  in  Chapter  7. 

Several  of  the  above  variables  could  be  further  partitioned,  for  example  group 
characteristics  could  be  separated  into  group  size,  diversity,  and  cohesiveness  to  name  a 
few  (Guzzo  and  Dickson,  1996).  However,  for  the  sake  of  simplicity,  this  model  will 
aggregate  as  many  of  these  related  factors  as  possible.  There  is  also  the  admission  that 
many  of  these  components  are  not  easily  measured,  or  even  described,  for  example 
corporate  culture. 

5.3  GDSS  Groups  Behave  Like  GAs 

The  underlying  hypothesis  for  this  work  is  that  groups  using  GDSS  act  like 
simple  genetic  algorithms  using  selection,  crossover  and  mutation.  This  hypothesis  stems 
from  the  idea  that  group  decision  making  is  an  evolutionary  process  (Hirokawa  and 
Johnson,  1989)  and  genetic  algorithms  are  among  the  simplest  evolutionary  models. 

Note  in  the  following  that  % stands  for  “crossover  rate”  and  p stands  for  “mutation  rate.” 
Our  main  hypothesis  is: 

HI:  Groups  using  GDSS  act  like  a simple  genetic  algorithm. 

We  will  implement  this  GA  using  roulette  wheel  selection,  single  point  crossover 
and  uniform  mutation.  We  will  test  this  hypothesis  by  computing  the  path  probabilities 
for  the  ideas  proposed  by  each  group.  These  path  probabilities  are  compared  to  the  path 
probabilities  for  a GA  using  random  search.  We  will  use  the  Wilcoxon  matched-pairs 
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signed-ranks  test  to  test  whether  the  GA  is  significantly  different  from  a GA  with  a 
random  search,  i.e.  a GA  with  x = 0.0  and  p = 0.5.  If  so,  we  can  rule  out  the  possibility 
that  groups  using  GDSS  act  like  a GA  using  simple  random  search.  We  pair  the  path 
probability  calculated  for  each  group  with  the  path  probability  for  random  search.  The 
assumptions  of  the  test  are  that  the  difference  between  each  pair  is  a continuous  random 
variable,  the  distribution  of  each  difference  is  symmetric,  the  differences  are  mutually 
independent,  the  differences  all  have  the  same  median  and  the  measurement  scale  is 
interval  (Conover,  1971).  These  differences  are  ranked  and  summed  and  then  compared 
against  the  appropriate  test  statistic  to  determine  significance. 

As  we  are  comparing  the  log  likelihoods  of  the  path  probabilities,  we  will  be  able 
to  compare  the  order  of  magnitude  differences  between  the  actual  group  data  and  the 
probability  of  random  search,  which  should  be  significant.  Once  this  hypothesis  has  been 
addressed,  we  can  investigate  the  relationships  between  the  GA  parameters  and  the 
various  group  characteristics  present  in  the  data  set.  These  results  will  be  presented  in  a 
later  chapter. 

5.4  FTF  Groups  Versus  CMC  Groups 

As  has  been  previously  discussed,  several  of  the  issues  facing  group  work  are  the 
social  and  political  forces  that  affect  members  of  the  group,  possibly  affecting  the  quality 
of  the  group's  decision-making.  We  hypothesize  that  FTF  groups  respond  more  to  group 
or  “societal”  pressures  and  will  tend  to  conform.  This  would  lead  to  similar  thought 
processes  being  explored  in  depth,  rather  than  many  different  (and  possibly  conflicting) 
ideas  being  presented  for  consideration.  Therefore,  FTF  groups  will  be  more  focused. 
CMC  groups  are  exposed  to  fewer  visual  cues  meaning  a greater  sense  of  anonymity. 
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which  could  lead  to  the  proposal  of  possibly  very  different  solutions  (Nunamaker,  et  al., 
1991).  Research  performed  on  distributed  groups  versus  proximate  groups  has  found  that 
distributed  groups  exhibit  greater  degrees  of  depersonalization  and  impulsiveness, 
lowered  inhibition,  and  generate  "...more  extreme  opinions,"  (Sia,  1996,  p.  328; 

Valacich  et  al.,  1994).  In  other  words,  CMC  groups  can  be  considered  more  explorative 
of  the  solution  space  than  FTF  groups.  Under  these  assumptions  of  social  and  political 
motivations,  FTF  groups  would  be  less  likely  to  present  completely  new  solutions  than 
CMC  groups.  CMC  group  members  would  be  more  likely  to  explore  alternate  but 
possibly  unpopular  or  politically  less  favorable  solutions. 

H2a:  FTF  groups  are  likely  to  propose  less  explorative  solutions  than  CMC  groups. 

We  will  test  this  hypothesis  by  comparing  the  MLEs  of  the  mutation  rates  of  both 
groups.  If  H2a  is  true,  the  mutation  rate,  p,  should  be  lower  for  FTF  groups  than  CMC 
groups.  We  will  use  a one-tailed  t-Test  where  we  assume  unequal  variances  at  a = 0.05  to 
compare  the  average  values  for  both  groups. 

For  each  of  the  parameter  hypotheses,  we  used  a one-tailed  t Test  assuming 
unequal  variances  on  the  sample  means  at  a = 0.05  to  test  differences  in  the  populations 
for  each  parameter.  We  chose  the  t Test  according  to  the  criteria  outlined  in  Agresti  and 
Finlay  (1997).  The  assumptions  for  requiring  a random  sample,  quantitative  variables, 
and  small  (n  < 30)  are  met.  We  selected  the  confidence  level  of  a = 0.05  in  order  to 
maintain  a relatively  good  balance  between  the  probability  that  an  interval  will  contain  a 
particular  value  and  statistical  power  (Agresti  and  Finlay,  1997).  We  assume  unequal 
variances  due  to  the  uncertainty  around  the  particular  distributions  of  the  i and  p 
parameters.  We  present  analysis  where  all  groups  under  all  experimental  conditions 
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(corporate  weighting  schemes  and  population  sizing  schemes)  and  then  consider  each 
experimental  condition  separately. 

Intuitively,  we  hypothesize  that  CMC  groups  behave  dynamically  more  like  a GA 
having  a lower  crossover  rate  than  FTF  groups.  This  intuition  is  based  on  the  crossover 
operator  as  a “focusing”  operator  (Goldberg,  1989).  As  CMC  groups  should  tend  to  be 
less  focused  than  FTF  groups,  the  rate  of  crossover  might  be  lower  as  well.  However,  % 
is  the  probability  of  selecting  two  strings  for  crossover.  If  the  strings  in  a particular 
generation  are  identical  or  at  least  not  very  diverse,  there  is  no  distinction  between  low 
crossover  activity  (x  close  to  or  equal  to  zero)  and  high  crossover  activity  (x  close  to  or 
equal  to  one).  Crossover  is  simply  not  a factor  and  this  will  be  seen  by  smaller  crossover 
values.  This  is  explained  by  our  estimation  techniques  used  with  the  Markov  chain 
model  for  GAs.  If  diversity  is  extremely  low  or  zero,  x does  not  matter.  As  we  are 
searching  for  the  maximum  likelihood  estimate  over  the  grid  of  all  possible  values  of  x, 
we  choose  the  maximum  path  probability  value  at  the  first  (and  consequently  lowest) 
value  of  x-  Given  the  lack  of  “diversity”  in  the  solutions  proposed  by  the  FTF  groups, 
there  will  be  a strong  tendency  for  the  crossover  rate  in  these  groups  to  be  small. 

As  mentioned  in  Chapter  4,  we  will  compute  the  average  Hamming  distance  (A) 
for  each  group  by  computing  the  Hamming  distance  between  every  pair  of  solutions  in 
the  group  and  summing  up  all  of  the  distances.  This  sum  is  then  divided  by  the  number 
of  solution  pairs  in  the  group  to  create  an  average  diversity  level  for  each  group. 

H2b:  FTF  groups  are  likely  to  have  lower  diversity  than  CMC  groups. 

We  will  measure  diversity  with  A.  We  will  use  a one-tailed  t Test  on  A,  assuming 
unequal  variances  with  a = 0.05  to  compare  the  average  A values  between  the  two 
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groups.  Therefore,  as  A becomes  small,  as  measured  in  the  discussion  in  Chapter  4,  x 
should  also  become  small  for  FTF  groups.  As  there  is  less  diversity  within  the  group,  the 
crossover  rate,  or  the  rate  at  which  “parts”  of  proposals  or  ideas  are  exchanged,  will 
become  small,  as  most  ol  the  proposals  are  already  identical.  As  CMC  groups  experience 
less  diversity,  there  will  be  a higher  rate  of  exchange  of  proposals,  or  at  least  components 
of  proposals.  Correspondingly,  A and  x should  both  be  larger  for  CMC  groups. 

H2c:  If  there  is  little  or  no  diversity'  within  the  groups,  FTF  groups  are  likely 
to  experience  a lower  rate  of  exchange  of  ideas  or  proposals  than 
CMC  groups. 

We  will  test  this  hypothesis  by  comparing  the  crossover  rates,  between  FTF 
and  CMC  groups.  Given  that  diversity  is  lower  for  FTF  groups  as  proposed  in  H2b,  x 
should  be  lower  for  FTF  groups  than  for  CMC  groups.  We  will  use  a one-tailed  t Test  on 
X,  assuming  unequal  variances  at  a = 0.05  to  compare  the  average  x rates  between  the 
two  groups. 

5.5  Autocratic  Groups  Versus  Democratic  Groups 

Groups  with  a designated  leader  will  tend  to  produce  solutions  deemed  as 
potentially  acceptable  to  the  leader.  Therefore,  less  exploration  of  alternative  solutions 
will  likely  take  place.  Hiltz  et  al.  (1991)  hypothesized  that  the  presence  of  a leader 
increases  the  consensus  among  groups  using  GDSS.  Studies  of  non-GDSS  supported 
groups  have  found  that  small  groups  with  leaders  are  less  likely  of  split  into  factions  or 
subgroups  (French,  1941)  and  that  leaders  are  useful  in  order  to  achieve  task-oriented 
goals  (Borgatta  and  Bales,  1 954).  Conversely,  democratic  groups  (groups  without  a 
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leader)  will  tend  to  put  forth  more  diverse  solutions  since  it  might  seem  easier  to 
convince  another  manager  of  an  alternative  solution  than  a superior. 

However,  the  same  issues  with  diversity  discussed  in  Section  5.4  are  also 
applicable  in  this  section.  Using  the  mutation  rate,  p,  as  a measure  of  exploration,  we 
would  expect  that  autocratic  groups  would  tend  to  refine  solutions  deemed  acceptable  to 
the  leader,  rather  than  propose  radically  different  alternatives.  However,  this  effect  could 
be  minimized  due  to  the  quantitative  nature  of  the  decision.  The  group  members  all  had 
access  to  decision  tools  which  provided  instant  feedback  to  the  increased  revenue  or  cost 
of  a proposed  solution.  A greater  effect  might  be  observed  in  a problem  involving  idea 
generation  or  alternative  ranking. 

H3a:  Autocratic  groups  are  likely  to  propose  less  explorative  solutions  than 
democratic  groups. 

We  will  test  this  hypothesis  by  comparing  p between  the  autocratic  groups  and 
democratic  groups.  Therefore,  we  believe  p will  be  smaller  for  autocratic  groups  than  for 
democratic  groups.  We  will  use  a one-tailed  t Test  assuming  unequal  variances  at  a = 

0.05  to  compare  the  average  p rates  between  the  two  groups. 

As  stated  in  Section  5.4,  we  are  using  the  Hamming  distance  to  measure  the  level 
ol  diversity  of  solutions  in  a population.  We  anticipate  the  Hamming  distances  between 
solutions  from  autocratic  groups  to  be  smaller  than  the  Hamming  distances  between 
solutions  from  democratic  groups.  Hypothesis  H3a  states  that  we  believe  the  solutions 
proposed  by  autocratic  groups  to  be  less  radical  or  extreme  as  measured  by  the  mutation 
rate.  Therefore,  we  also  believe  that  the  level  of  diversity  of  proposed  solutions  or  ideas 
suggested  by  autocratic  groups  should  be  lower  as  well. 
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H3b:  Autocratic  groups  are  likely  to  have  a lower  diversity  value  than 
democratic  groups. 

We  will  test  this  hypothesis  by  comparing  A for  both  autocratic  and  democratic 
groups.  We  believe  A will  be  smaller  for  autocratic  groups  than  for  democratic  groups. 
We  will  use  a one-tailed  t Test  A on  assuming  unequal  variances  at  a = 0.05  to  compare 
the  average  A rates  between  the  two  groups. 

Just  as  in  the  case  of  FTF  and  CMC  groups,  as  A approaches  zero,  x should  also 
approach  zero  (although  the  rate  of  which  is  uncertain  at  this  point)  for  autocratic  groups. 
Correspondingly,  A and  % should  both  be  larger  for  democratic  groups. 

H3c:  If  there  is  little  or  no  diversity  within  the  groups,  autocratic  groups  are 
likely  to  experience  a lower  rate  of  exchange  of  ideas  or  proposals 
than  democratic  groups. 

We  will  test  this  hypothesis  by  comparing  x between  autocratic  and  democratic 
groups.  Assuming  that  diversity  is  lower  for  autocratic  groups  as  proposed  in  H3b,  x 
should  be  lower  for  autocratic  groups  than  for  democratic  groups.  We  will  use  a one- 
tailed  t Test  assuming  unequal  variances  at  a = 0.05  to  compare  the  average  x rates 
between  the  two  groups. 

5.6  Incentive  Structure 

Another  relationship  we  would  like  to  investigate  is  the  incentive  structure 
relationship  with  the  GA  parameters  x and  p.  Barkhi  et  al.  (1997)  examined  the  effect  of 
incentive  structure  on  such  groups  and  reported  that  a local  incentive  structure  resulted  in 
greater  organizational  profit  than  did  global  incentive  structure.  They  theorized  that  local 
group  members,  assuming  rationality,  could  easily  compute  the  marginal  increase  in 
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reward  as  effort  level  increased  and  would  select  the  best  effort  level  for  each  customer 
order.  Groups  under  global  incentive  receive  increasing  benefits  as  the  group  members’ 
productivity  increases.  If  the  group  members  are  unable  to  see  the  relationship  between 
individual  effort  and  group  productivity,  a tendency  to  “free  ride”  results  (Diehl  and 
Stroebe,  1987;  Barkhi,  1997),  effectively  lowering  group  output.  Groups  under  global 
incentive  also  tend  to  engage  in  gaming  behavior  (Barkhi,  1996)  which  reduces  profit  for 
the  entire  group.  As  groups  engage  in  such  behavior,  the  level  of  cooperation  is  often 
reduced  in  the  face  of  uncertainty.  Since  there  is  little  pressure  on  the  group  member  to 
find  the  best  solution  possible,  there  would  be  little  motivation  to  actively  explore  the 
solution  space  for  different  or  innovative  solutions.  In  such  instances,  we  would  expect 
the  level  of  diversity  in  solutions  proposed  to  be  lower  in  global  incentive  groups  and 
higher  in  local  incentive  groups. 

H4a:  Groups  having  a global  incentive  structure  will  propose  less 

explorative  solutions  than  groups  having  a local  incentive  structure. 

We  will  test  this  hypothesis  by  comparing  the  MLEs  of  the  mutation  rates  of  both 
groups.  The  mutation  rate,  p,  should  be  lower  for  global  incentive  groups  than  local 
incentive  groups.  We  will  use  a one-tailed  t-Test  where  we  assume  unequal  variances  at 
a = 0.05  to  compare  the  average  values  for  both  groups. 

We  also  wish  to  test  the  average  diversity  value  as  measured  by  the  Hamming 
distance  discussed  in  Section  5.4.  As  we  believe  the  level  of  diversity  will  be  lower  for 
global  incentive  groups  than  for  local  incentive  groups,  the  diversity  value.  A,  should  be 
lower  for  global  incentive  groups  than  for  local  incentive  groups. 

H4b:  Groups  having  a global  incentive  structure  will  have  a lower  diversity 
value  than  groups  having  a local  incentive  structure. 
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We  will  test  this  hypothesis  by  comparing  A for  both  global  incentive  and  local 
incentive  groups.  We  believe  A will  be  smaller  for  global  incentive  groups  than  for  local 
incentive  groups.  We  will  use  a one-tailed  t Test  assuming  unequal  variances  at  a = 0.05 
to  compare  the  average  A rates  between  the  two  groups.  Correspondingly,  A and  x 
should  both  be  larger  for  local  incentive  groups. 

H4c:  If  there  is  little  or  no  diversity  within  the  groups,  global  incentive 

groups  are  likely  to  experience  a lower  rate  of  exchange  of  ideas  or 
proposals  than  local  incentive  groups. 

We  will  test  this  hypothesis  by  comparing  the  crossover  rates,  x.  between  local 
and  global  incentive  groups.  Given  that  diversity  is  lower  for  global  incentive  groups  as 
proposed  in  H4b,  x should  be  lower  for  global  incentive  groups  than  for  local  incentive 
groups.  We  will  use  a one-tailed  t Test  assuming  unequal  variances  at  a = 0.05  to 
compare  the  average  x rates  between  the  two  groups. 

5.7  Conclusions 

This  chapter  has  presented  the  basic  research  model  and  the  main  and  supporting 
hypotheses  to  be  tested  in  this  research  paper.  We  have  described  in  a general  sense  how 
each  hypothesis  is  to  be  tested.  The  next  chapter  discusses  the  data  we  will  be  using  in 
testing  our  model  and  also  provides  a higher  level  of  detail  for  the  model 


CHAPTER  6 

GDSS  TASK  FRAMEWORK 
6.1  Introduction 

We  have  described  group  decision  support  systems  and  genetic  algorithms  in 
detail  (see  Chapters  2,  3 and  4).  We  have  also  posed  our  research  questions  regarding 
whether  or  not  groups  supported  by  GDSS  behave  like  a simple  genetic  algorithm  (see 
Chapter  5).  We  now  need  to  present  the  data  to  be  used  to  answer  these  research 
questions.  This  chapter  discusses  the  experiments  performed  by  Barkhi  (1995)  that 
provide  the  data  used  to  test  our  model.  We  spend  much  time  providing  the  details  of 
these  experiments,  as  the  research  variables  used  in  Barkhi’s  1995  study  influenced  the 
way  in  which  we  have  related  GA  parameters  to  GDSS  parameters.  Section  6.2  provides 
a general  overview  of  these  experiments.  Section  6.3  presents  the  research  methodology 
used  by  Barkhi  and  Section  6.4  describes  the  experimental  task.  Section  6.5  presents  the 
data  used  and  gathered  from  the  experiments  performed  by  Barkhi. 

6.2  Experimental  Design 

To  test  and  validate  our  model,  we  use  data  provided  by  Barkhi  (1995).  Barkhi’s 
dissertation  consisted  of  experiments  examining  the  effects  of  various  factors  on  the 
outcome  of  GDSS  problem-solving  tasks.  He  considered  a mixed-motive  task  by  which 
group  members  had  to  coordinate  the  final  solution  in  face  of  conflicting  pay-off 
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information.  He  constructed  a group  where  each  member  represented  a different 
department  within  a simulated  manufacturing  environment,  the  departments  being  labeled 
as  production,  purchasing  and  marketing.  Some  of  the  groups  in  his  study  were 
comprised  of  the  three  members  labeled  as  above  and  the  others  were  comprised  of  four 
members  (the  previous  three  plus  a designated  “leader”  who  had  override  power  on  all 
decisions  made  within  the  group).  The  group  was  assigned  a combinatorial  problem  with 
a calculated  payoff  for  each  member. 

6.3  Research  Methodology 

Barkhi  used  176  undergraduate  business  students  enrolled  in  an  upper-level 
business  decision-making  course  as  subjects.  As  mentioned  in  Section  6.2,  each  student 
was  randomly  assigned  to  groups  of  size  three  or  four.  Each  group  was  required  to 
complete  several  assignments  before  the  study  started,  for  the  purpose  of  simulating  a 
group  history.  Each  member  was  provided  a case  study  with  cost  and  GDSS  information 
relevant  to  the  problem  within  the  case.  Cost  information  was  provided  which  was  to  be 
considered  internal  to  each  department,  simulating  conditions  within  an  actual  firm. 

Three  research  variables  were  studied.  These  were  group  composition  (leader  vs.  no 
leader),  proximity  (face-to-face  vs.  geographically  distributed)  and  member  incentive 
structure  (local  vs.  global).  These  variables  are  presented  in  Table  6.1  as  a four  x four 
factorial  design. 
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Table  6. 1 : Experimental  Grid 


Experimental  Grid 

Leader-directed 

Democratic 

Global  Incentive 

FTF 

FTF 

D1ST 

DIST 

Local  Incentive 

FTF 

FTF 

DiST 

DIST 

Barkhi,  1995,  p.  58 


6.4  The  Experimental  Task 

Four  products  are  each  made  to  order.  Since  each  product  is  customized  to 
customer  specifications,  each  customer  order  provides  unique  revenue.  There  are  three 
functional  areas,  marketing,  production  and  purchasing,  each  having  one  manager.  Each 
manager's  task  is  to  decide  which  customer  orders  to  fill  and  how  much  departmental 
effort  to  expend  in  filling  each  order.  If  an  order  is  selected  for  filling,  the  order  must  be 
completely  filled,  in  other  words  no  partial  orders  are  allowed.  A table  containing  20 
customer  orders,  including  products  and  their  quantities  was  provided  to  group  members. 
Also,  the  expected  revenues  from  each  customer  order  were  provided  to  the  group 
members. 

Each  manager  was  provided  an  internal  (as  in  internal  to  the  specific  department) 
description  of  the  Uncompensated  Departmental  Costs  (UDEC)  and  Actual  Departmental 
Costs  (ADC)  associated  with  each  customer  order.  Each  manager  needed  to  choose 
which  level  of  effort  to  expend  for  filling  a specific  customer  order.  The  effort  level  was 
discretized  into  four  levels  and  the  UDECs  and  the  ADCs  were  provided  at  each  level. 
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As  can  be  expected,  as  the  UDEC  increased,  the  ADC  decreases  but  not  necessarily  in  a 
linear  fashion.  Also,  for  each  order,  the  Projected  Costs  (PC),  the  cost  estimate  each 
department  has  for  filling  the  order,  were  provided.  Each  department  manager  also 
received  a set  of  capacity  limits  for  each  product.  Each  department  receives  the  projected 
costs  for  every  other  department  within  the  firm,  but  UDEC  and  ADC  are  considered 
internal  to  each  department  and  are  only  provided  to  outside  departments  (including  the 
leader)  at  the  discretion  of  the  individual  departmental  manager.  The  departmental 
managers  could  elect  to  provide  the  leader  with  false  information  regarding  these  costs, 
withhold  the  figures  or  provide  accurate  estimates  of  these  departmental  costs. 

Group  leaders  (as  applicable)  are  provided  information  about  the  leaders  potential 
reward,  including  how  it  is  calculated,  and  the  list  of  acceptable  actions  that  the  leader  is 
authorized  to  take.  These  actions  include  synthesizing  manager  solutions  to  obtain  the 
final  solution,  requesting  information  from  departmental  managers,  requesting  that 
managers  evaluate  a potential  solution  and  provide  the  appropriate  feedback  and  override 
proposed  solutions  and  replace  it  with  any  other  feasible  solution. 

6.4.1  The  Experimental  Problem 

Barkhi  presented  the  problem  to  be  solved  within  the  GDSS  framework  as  a 
multi-criteria  knapsack  problem.  This  problem  is  presented  in  Section  6.4.2.  In  a 
broader  sense,  this  problem  can  be  framed  as  a principal-agent  problem.  The  principal,  in 
this  case  the  leader,  who  represents  the  firm,  is  trying  to  maximize  organizational  profit, 
which  is  reflected  in  his  incentive,  which  will  be  outlined  below.  The  agents  (in  this  case 
three)  perform  a set  of  tasks  that  will  hopefully,  (from  the  perspective  of  the  principal), 
optimize  organizational  profit.  For  a generalization  of  this  discussion  to  all  groups  using 
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information  technology,  see  Barua  et  al.  (1995).  The  multiple  agent  resource  allocation 
problem,  where  the  principal  must  gather  preference  information  from  the  agents,  was 
studied  by  Moore  et  al.  (1997).  Moore  et  al.  (1997)  examined  this  problem  in  the  context 
of  incomplete  information,  as  was  the  case  in  the  experiments  performed  by  Barkhi 
(1995).  According  to  Moore  et  al., 

The  manager,  who  typically  has  only  partial  information,  carries  out  actions  to 
acquire  additional  information  about  the  preference  profile  of  each  agent  in  the 
context  of  various  resource  allocation  choices,  prior  to  making  the  allocation 
(Moore  et  al.,  1997,  p.  152). 

Sycara  (1993)  used  multi-agent  utility  theory  in  group  negotiation  research  leading  to 
conflict  resolution.  The  objective  function,  or  total  profit,  which  the  principal  is 
attempting  to  maximize,  is  selected  to  be  ",  . . an  additive  utilitarian  social  welfare 
function  of  the  Bergson-Samuelson  type"  (Moore  et  al.,  1997,  p.  152).  This  function  is 
separable,  allowing  for  the  agents  (in  this  case  the  functional  departments)  to  share 
resources  and  interact.  These  agents  must  have  incentive  in  order  to  accomplish  the 
task(s)  provided  by  the  principal.  This  same  scheme  is  used  in  artificial  multi-agent 
planning  research  found  in  the  Artificial  Intelligence  (Al)  community  (Rosenschein  and 
Ephrati,  1994).  Barkhi  tested  two  different  incentive  schemes  in  his  dissertation.  One 
scheme,  local  incentive,  rewarded  each  manager  based  on  how  well  the  manager 
controlled  actual  costs  compared  to  projected  costs.  The  other  scheme,  global  incentive, 
rewarded  each  manager  based  on  an  equal  percentage  of  organizational  bonus, 
corresponding  to  organizational  profit.  Since  there  are  two  different  reward  structures, 
we  will  present  two  different  formulations  of  the  experimental  problem,  one  for  each 


incentive  structure. 
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This  simulated  manufacturing  company  produces  K different  products.  Each 
customer  order  specifies  the  quantity  of  each  of  the  products  requested.  There  are  S 
customer  orders,  each  with  different  profit  implications  and  product  quantity 
requirements.  The  problem  presented  to  each  group  is  to  decide  which  subset  of  these  S 
orders  to  fill  with  the  objective  of  profit  maximization  considering  that  manufacturing 
capacity  cannot  be  violated. 

The  terminology: 

D - number  of  departments 

K = number  of  products 

S = number  of  customer  orders 

E = number  of  effort  levels 

PQd  = Projected  Cost  of  filling  order  i at  dept.  d. 

ADCijd  = Actual  Departmental  Cost  of  filling  order  i expending  effort  j at 
department  d. 

UDECyd  = Uncompensated  Departmental  Effort  Cost  is  cost  that  the  department  d 
incurs  for  filling  order  i at  effort  level  j. 

Rev,  = Revenue  generated  by  filling  order  i. 

Jl  if  order  i taken  at  effort  level  j 
IJ  [0  otherwise 

\ 1 if  order  i taken 

Y,  = 

[0  otherwise 

Qjk  = Quantity  of  product  k requested  by  order  i 
Ck  = Production  capacity  of  product  k 
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The  local  incentive  problem: 


s 


s.t.XQi.Yj  <Ck  fork  = l...K 


i=l 


E 


The  above  problem  is  a principal-agent  formulation  with  a local  incentive  structure.  The 
top  equation  is  the  leader’s  problem,  to  maximize  the  organizational  profit  subject  to 
capacity  constraints.  The  leader  receives  9%  of  the  revenues  (Revj)  for  the  firm  minus 
the  actual  costs  to  the  firm  (ADCjdj)  for  filling  the  subset  of  customer  orders  selected. 

The  agent's  problem  is  to  maximize  the  bonus  resulting  from  the  difference  in  projected 
costs  (Pcid)  versus  actual  departmental  costs  (ADCidj)  for  varying  effort  levels.  The 
uncompensated  departmental  effort  costs  (UDECijd)  are  subtracted  from  the  difference  in 
projected  costs  and  actual  costs  to  account  for  increased  costs  due  to  increased  effort 
levels. 

The  global  incentive  problem: 


S-t-XQikY,  ^ck  for  k = 1 . . . K 


i=l 


E 


s-<IA)  = y, 
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The  above  problem  is  similar  to  the  problem  presented  for  local  incentive,  except  the 
agent's  problem  now  becomes  trying  to  maximize  the  difference  between  the 
department's  share  of  organizational  revenues  and  the  actual  costs  for  that  department  at 
varying  effort  levels.  Each  department  receives  an  equal  share  (15%)  of  this 
organizational  bonus  pool. 

Thus,  we  have  defined  the  experimental  problem.  GDSS  supported  groups  were 
then  presented  this  problem  in  the  format  of  a multi-criteria  optimization  problem. 

6.4.2  GDSS  Task 


At  the  local  level,  there  are  two  sets  of  decisions  that  must  be  made  be  each 
department: 

1 . Each  department  manager  must  decide  upon  the  optimal  effort  level,  and 

2.  Each  department  manager  must  select  an  optimal  subset  of  orders  to  fill  that 
maximizes  reward. 

Once  the  optimal  effort  level  is  determined,  the  optimal  ADC  (ADC*)  and  the  optimal 
UDEC  (UDEC*)  are  used  to  find  the  optimal  subset  of  orders. 

S E 

MaxZ  X [(PCld  - ADC’ijd  \.6)-  UDEC*ijd  ]x,j 

i=i  j=i 

S-t.£Q*Y,  <Ck  for  k = 1 . . . K 


The  global  incentive  structure  is  described  similarly.  As  stated  above,  group 
incentive  is  based  on  departmental  contribution  to  the  organizational  profit. 


max 


I 

i=l 


Rev, -£ADCijd  (.15)- UDEC 


d=l 


ijd 


xs 


st-lQ.V.  £Ck  for  k = 1 . . . K 


i=l 
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Barkhi  also  studied  Leader  incentive.  If  a leader  is  present,  the  leader’s  reward  is  1 5%  of 
the  organizational  bonus.  Otherwise,  this  15%  is  returned  to  the  organization.  The 
following  formulation  models  the  leader’s  problem  (which  is  to  maximize  organizational 
profit): 


s r d 

max  2(091  Rev, -X ADC, d 

i=l  L d=l 


S 


•*-lQ*Y,SCk  fork 


i=l 


1...K 


6.5  The  Experimental  Data 


In  this  section,  we  discuss  the  data  used  and  obtained  by  Barkhi  in  his 
experiments.  The  data  for  customer  orders  and  order  revenues  are  located  in  Appendix 
D.  Each  department  received  cost  data  for  each  customer  order.  Projected  costs  (PC), 
uncompensated  departmental  effort  and  resource  costs  (UDEC)  and  actual  department 
costs  (ADC)  were  provided  for  each  department.  The  UDECs  and  ADCs  for  each  order 
and  for  four  different  effort  levels  were  provided,  where  increasing  UDEC  corresponds  to 
increasing  effort.  Departmental  capacities  were  kept  equal  for  this  experiment,  however 
they  were  included  to  simulate  conditions  where  departmental  capacities  might  be 
unequal. 

Barkhi's  experiments  derived  from  a four-by-four  experimental  grid,  shown  in 
Table  6. 1 . The  data  that  resulted  from  the  groups  assigned  to  each  grid  will  be  presented 
in  the  appendices,  including  summary  information.  Appendix  A includes  summary 
information  for  all  groups.  The  data  from  each  FTF  group  is  available  in  Appendix  B 
and  the  data  from  each  CMC  group  is  available  in  Appendix  C. 
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6.6  Conclusions 

This  chapter  outlined  the  experimental  procedure  for  the  study  that  we  will  use  to 
test  our  model.  We  also  presented  the  data  from  Barkhi's  study  in  order  to  provide  the 
framework  for  examining  our  proposed  model.  Now  that  the  data  and  the  framework 
from  which  that  data  was  obtained  have  been  examined,  we  are  ready  to  present  the 
details  of  our  research  model.  Chapter  7 provides  these  details  and  completes  the 
research  model. 


CHAPTER  7 
GA  REPRESENTATION 

7.1  Introduction 

In  this  chapter  we  present  the  details  needed  to  map  the  data  to  a GA  model.  We 
propose  that  GDSS  supported  groups  exhibit  behavior  that  can  be  modeled  by  a simple 
genetic  algorithm.  We  believe  that  all  of  the  groups  studied  by  Barkhi  (1995)  can  be 
modeled  as  such,  with  appropriate  variations  in  the  GA  parameters.  The  following 
subsections  will  further  detail  this  proposed  model.  As  we  need  to  concern  ourselves 
with  the  representation  of  solutions  proposed  by  each  group.  Section  7.2  presents  the 
encoding  of  the  strings  used  in  the  model.  We  also  need  to  consider  the  composition  and 
creation  of  generations  of  populations  in  the  model.  Section  7.3  describes  how  we  will 
handle  the  issue  of  population  sizing.  Four  different  methods  of  population  sizing  are 
proposed.  One  important  feature  of  GAs  is  how  strings  are  selected  for  appearance  in  the 
next  generation.  As  described  in  Chapter  4,  strings  are  sampled  in  accordance  to  an 
objective  or  fitness  function  value.  Fitness  functions  for  our  model  are  discussed  in 
Section  7.4.  Finally,  Section  7.5  presents  the  GA  operators  selection,  crossover  and 
mutation  as  they  apply  to  the  model.  By  the  conclusion  of  this  chapter,  the  framework 
will  be  complete  for  determining  the  answer  to  the  central  research  question  that  is,  do 
groups  using  GDSS  behave  like  genetic  algorithms? 
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7.2  String  Composition 

Each  string  in  the  population  will  represent  a set  of  orders  to  be  filled  as  proposed 
by  a manager  or  the  leader  in  a specific  generation.  Each  string  will  be  composed  of 
twenty  binary  digits,  each  representing  the  inclusion  (or  exclusion)  of  a customer  order 
by  a one  (or  zero).  Two  additional  digits  will  denote  the  identity  of  the  string  as  follows: 

00  =-=  Marketing  manager 

01  = Production  manager 

10  = Purchasing  manager 

1 1 = Leader  (if  applicable) 

These  two  digits  will  not  be  used  in  crossover  or  mutation  operations.  They  will  only  be 
used  to  determine  which  fitness  function  is  applicable  to  the  string  in  the  selection 
operation.  Therefore,  the  first  two  digits  are  simply  tags,  which  identify  from  where  the 
proposed  solution  is  coming  from.  The  remaining  twenty  bits  are  operated  upon  by  the 
genetic  algorithm.  Summarizing,  each  string  is  composed  of  twenty-two  binary  digits, 
where  the  first  two  digits  identify  the  group  member  and  the  following  twenty  digits 
represent  the  solution  proposed  by  the  group  member. 

7,3  Population  Size 

A population  will  consist  of  a number  of  solutions.  The  number  will  vary  from 
episode  to  episode,  since  there  is  no  "natural”  demarcation  for  groups  using  GDSS. 

GDSS  supported  groups  can  be  modeled  as  having  a dynamic  population  size.  We 
propose  four  different  schemes  for  modeling  the  populations,  Leader-Influenced,  Peer- 
Influenced,  Fixed-Two  and  Fixed-Four. 
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The  Leader-Influenced  population  scheme  is  implemented  for  groups  having  a 
leader  and  is  modeled  as  follows.  The  population  size  expands  (or  contracts)  depending 
upon  the  frequency  of  leader  interaction  with  the  three  departmental  managers,  with  more 
leader  interaction  corresponding  to  smaller  population  sizes.  Each  generation  will  be 
delineated  by  the  proposal  of  a solution  by  the  leader.  For  example,  the  marketing 
manager  proposes  a solution,  which  is  countered  by  the  production  manager.  The  leader 
makes  a proposal  after  the  production  manager.  Since  the  leader  has  suggested  a 
solution,  this  suggestion  marks  the  entirety  of  the  population  and  its  size  is  three.  If  the 
purchasing  manager  then  suggests  a solution,  followed  by  another  solution  by  the  leader, 
that  population  size  is  two.  It  is  worthwhile  to  note  that  this  strategy  relies  not  on  the 
timing  of  the  solutions  but  on  the  interaction  of  the  different  group  member's  solutions 
(ideas).  Theoretically,  it  might  be  preferable  to  close  each  generation  after  input  has  been 
made  by  all  three  functional  managers.  However,  due  to  group  interaction  dynamics,  it  is 
possible  that  one  or  more  managers  might  engage  in  freeloading  behaviors  (especially  in 
global  incentive  groups  as  mentioned  in  a previous  section)  and  artificially  influence  the 
creation  and  sizing  of  generations. 

The  Peer-Influenced  population  scheme  is  similar  to  the  Leader-Influenced 
population  scheme  except  that  the  Peer-Influenced  scheme  treats  each  group  member 
(each  function  manager  and  leader,  if  present)  as  having  ideas  of  "similar  enough  to 
equal"  weight.  Whenever  a solution  from  a different  manager  is  presented,  the  current 
generation  is  closed.  For  example,  the  marketing  manager  proposes  a solution,  then 
another  solution  immediately  afterwards.  The  production  manager  then  proposes  a 
solution.  This  marks  the  end  of  the  generation  and  the  population  size  is  three.  For 
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groups  with  a leader,  the  leader  is  simply  regarded  as  another  functional  manager. 
However,  several  issues  are  raised.  The  Leader-Influenced  scheme  was  proposed  due  to 
the  belief  that  leaders  exert  a different  type  of  influence  over  the  decision-making  process 
than  do  peers.  Therefore,  some  account  of  this  variance  in  influence  should  be  taken  in 
forming  the  generations.  Also,  the  type  of  leadership  style  exhibited  by  each  leader  needs 
to  be  examined.  A cursory  examination  of  the  data  indicates  that  some  leaders  interact 
with  their  groups  far  more  than  other  leaders.  This  finding  indicates  that  some  leaders  are 
adopting  a "hands-on"  management  style  as  opposed  to  a "hands-off'  management  style. 
This  issue  most  likely  will  not  be  adequately  addressed  nor  resolved  in  this  research 
project  so  we  will  defer  it  to  the  area  of  future  research.  Two  more  schemes  are  used 
experimentally,  for  comparison  purposes.  The  Fixed-Two  scheme  forms  populations 
with  two  consecutive  proposals.  The  Fixed-Four  scheme  places  every  four  consecutive 
proposals  together  into  a generation.  This  scheme  acts  to  increase  the  diversity  levels 
from  the  Fixed-Two  scheme. 

7.4  Fitness  Functions 

As  the  GA  operator  selection  is  driven  by  the  fitness  function,  the  fitness 
functions  tested  will  be  a function  of  the  payoff  provided  to  each  group  member  under 
the  different  incentive  structures  utilized.  Barkhi's  experiments  provided  several 
possibilities  for  fitness  functions.  We  formulate  several  different  possible  fitness 
functions  and  test  as  research  hypotheses.  The  fitness  functions  are  based  on  the 
principal-agent  problems  described  in  Section  6.4.1  for  both  local  and  global  incentive 


structures. 
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The  fitness  functions  can  then  be  viewed  as  an  implementation  of  the  social 

welfare  functions  described  in  economic  agency  theory  literature.  Luce  and  Raiffa  define 

social  welfare  function  as  . a rule  which  associates  to  each  profile  of  preference 

orderings  (i.e.,  to  each  element  of  D?(n))  a preference  ordering  for  society  iteself’  (1957,  p. 

j j2).  More  specifically,  the  fitness  function  used  is  to  be  an  additive  utilitarian  social 

welfare  function  as  described  in  Moore  et  al.  (1997).  Moore  et  al.  list  several  reasons 

why  this  type  of  social  welfare  function  is  useful,  including, 

first  it  allows  the  characterization  of  team  performance  in  terms  of  a single 
dimension,  second  it  allows  the  interaction  of  agents  in  the  team  through  sharing 
oi  the  common  resource;  third  it  offers  opportunities  for  decentralization  as  well 
as  division  of  labor,  since  it  is  a separable  function  (Moore  et  al.,  1997,  p.  152). 

The  leader  of  each  group  will  use  as  its  fitness  function,  the  principal’s  problem  in 

the  principal-agent  formulation  of  the  problem  faced  by  the  group.  The  members  of  each 

group  (other  than  the  leader)  will  utilize  the  fitness  function  that  corresponds  to  either  the 

global  or  local  incentive  structure  for  that  agent's  problem  in  the  principal-agent  problem 

formulation  depending  on  the  treatment  being  studied.  The  fitness  function  used  by  the 

GA  is  a linear  combination  of  the  various  individuals’  utility  functions  and  the  corporate 

utility  function,  captured  in  the  leader’s  utility  function.  The  fitness  function  is  therefore 

expressed  as  a combination  of  the  group  member’s  utility  function  and  the  leadership 

function,  where  the  weights  on  each  function  are  varied.  This  weighted  combination  of 

utility  functions  represents  the  social  welfare  function  described  earlier.  These  weights 

are  experimentally  varied  from  0.0  to  1.0,  where  0.0  represents  exchanging  ideas  or 

solutions  with  local  incentive  and  no  corporate  influence  and  1.0  represents  global 

incentive  and  the  strongest  corporate  influence.  Restated,  a corporate  weight  of  0.0 

corresponds  to  groups  operating  under  local  incentive  and  a corporate  weight  of  1 .0 
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corresponds  to  groups  operating  under  global  incentive.  The  spectrum  of  weights  from 
0.0  to  1.0  represents  the  strengthening  of  corporate  influence  on  the  groups’  incentive 
structure. 

7.5  GA  Operators  to  Support  GDSS  Groups 

The  simple  GA  as  presented  by  Vose  (1998)  utilizes  three  operators,  selection, 
crossover  and  mutation.  There  exist  several  variations  on  each  operator,  for  example 
single-point  versus  uniform  crossover  (Vose,  1998).  Our  model  will  identify  what  we 
feel  is  the  simplest  version  of  a GA  as  possible.  Other,  richer  variations  will  be  of 
interest  for  future  studies. 

As  GDSS  supported  groups  can  be  modeled  as  a simple  GA  as  stated  in  Section 
7.1,  roulette-wheel  selection  will  serve  as  an  adequate  means  of  selection  of  the  next  (t  + 
1)  generation.  Due  to  the  fact  that  roulette-wheel  selection  is  commonly  regarded  as  the 
most  basic  means  of  generating  subsequent  populations,  we  will  include  it  in  our  model. 
This  is  not  to  say  that  another  method,  for  example  tournament  selection,  would  not  be 
more  appropriate.  However,  Occam’s  Razor  dictates  that  starting  with  the  simplest 
model  and  increasing  the  complexity  as  necessary  is  the  most  prudent  action  to  take  at 
this  time.  Crossover  will  be  implemented  in  our  model  as  single-point  crossover  as 
detailed  in  Goldberg  (1989)  and  formally  in  Vose  (1998).  Mutation  will  be  implemented 
as  uniform  mutation  also  as  described  in  Goldberg  (1989)  and  Vose  (1998). 

7,6  Conclusions 

This  chapter  discussed  the  genetic  algorithm  details  for  the  study  that  we  will  use 
to  test  our  model.  We  have  outlined  the  procedures  for  string  encoding,  population 
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sizing,  fitness  function  implementation  and  the  GA  operators  of  selection,  crossover  and 
mutation.  At  this  point,  the  context  for  the  study  has  been  laid,  the  research  questions 
have  been  posed  and  the  research  model  has  been  developed.  The  next  step  is  to  uncover 
the  answers  to  the  research  questions.  The  next  chapter  presents  the  results  of  the 
hypotheses  tests  and  the  interpretation  of  these  results. 


CHAPTER  8 
RESULTS 


8.1  Introduction 

The  goal  of  this  dissertation  is  to  determine  if  groups  using  GDSS  behave  like 
simple  genetic  algorithms.  We  have  discussed  GDSS,  GAs,  our  research  model  and  our 
research  questions  and  carefully  presented  the  data  used  to  answer  this  research  question. 
We  are  now  ready  to  determine  the  answer  to  our  central  research  question.  The  purpose 
of  this  chapter  is  to  present  the  results  of  tests  on  the  hypotheses  proposed  in  Chapter  5. 
The  results  of  the  tests  of  the  main  hypothesis,  do  groups  using  GDSS  behave  like  GAs, 
are  presented  in  Section  8.2.  These  results  are  broken  down  into  results  for  all  the  groups 
for  all  experimental  conditions  and  then  for  each  experimental  condition,  to  provide  both 
macro  and  micro  levels  of  analysis.  The  grid  of  experimental  conditions  is  presented  in 
Table  8.1.  We  computed  estimates  of  the  mutation  and  crossover  rates  for  all  of  the 
groups  varying  both  the  incentive  weighting  (using  the  values  across  the  top  or  the  grid  or 
x-axis)  and  the  population  sizing  scheme  (using  the  schemes  listed  down  the  grid  or  y- 
axis).  Note  that  the  population  sizing  schemes  are  lettered  A - D for  ease  of  reference. 

The  contents  of  each  cell  are  broken  out  in  Table  8.2.  The  communication  channel  for 
each  group  is  either  FTF  or  CMC.  The  leadership  mode  for  each  group  is  either 
autocratic  or  democratic.  The  incentive  structure  for  each  group  is  either  local  or  global 
reward. 
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Table  8.1:  Experimental  Conditions 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Population 

Sizing 

Scheme 

Leader- 

Influenced 

(A) 

Peer- 

Influenced 

(B) 

Fixed- 

Two 

(C) 

Fixed- 

Four 

(D) 

Table  8.2:  Group  Characteristics 


Communication 

Channel 

Face-to-Face  (FTF) 

Computer-Mediated-Communication  (CMC) 

Leadership 

Autocratic 

Democratic 

Incentive  Structure 

Global 

Local 

We  then  discuss  the  results  of  the  tests  of  hypotheses  relating  GDSS  group 
characteristics  (GDSS  variables)  to  the  GA  parameters  (see  Section  8.3).  Again,  the 
results  of  the  analysis  are  broken  down  into  tests  for  all  groups  in  all  experimental 
conditions  and  then  by  each  experimental  condition,  to  provide  a richer  level  of  analysis. 
Finally,  we  present  the  implications  of  these  results  for  this  research  project  and  the 
outcome  of  the  answer  to  our  research  questions  (see  Section  8.4). 
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8.2  Main  Hypothesis 

Our  main  hypothesis  (HI)  was  do  groups  using  GDSS  behave  like  a GA?  To  test 
this  hypothesis,  we  performed  the  following  test.  We  needed  to  test  whether  or  not 
groups  using  GDSS  behaved  like  a GA  with  random  search.  In  order  to  test  this,  we 
compared  maximum  likelihood  estimates  of  the  path  probabilities  estimated  from  the 
experimental  data  with  the  path  probabilities  seen  in  a GA  using  random  search.  The 
values  of  % and  p consistent  with  random  search  are  x = 0.0  and  p = 0.5  as  discussed  in 
Chapter  4.  We  display  these  estimates  for  all  groups  and  all  experimental  conditions  in 
Appendix  E.  The  table  below  (Table  8.3)  shows  that  there  is  strong  evidence  against 
groups  using  GDSS  acting  like  a random  search.  We  show  in  Table  8.3  that  there  are 
significant  differences  between  the  estimated  path  probabilities  and  random  search  for  all 
experimental  conditions.  The  test  statistic,  wa,  is  calculated  via  the  procedure  outlined  in 
Conover  (1971).  We  do  not  reject  our  hypothesis  if  the  critical  value,  T,  is  greater  than 
W|.a  (Conover.  1971).  The  critical  values  for  all  experimental  conditions  are  much 
greater  than  the  test  statistics  indicating  a very  low  probability  of  error. 

As  we  computed  the  log  likelihoods  of  these  path  probabilities,  we  can  see  that 
there  are  orders  of  magnitude  difference  between  the  probabilities  from  the  actual  data 
and  from  random  search.  These  differences  range  from  21  to  nearly  300  orders  of 
magnitude  higher  probability.  The  implications  of  these  results  are  that  there  is  almost  no 
probable  way  that  the  groups  using  GDSS  act  like  a GA  with  random  search.  Therefore, 
we  can  state  that  groups  using  GDSS  act  like  a GA  with  estimated  mutation  and 
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crossover  parameters  as  presented  in  Section  8.3.  These  differences  for  selected  groups 
(a  sample  consisting  of  the  smallest,  largest  and  several  middle  difference  values)  for  a 
representative  experimental  condition  (corporate  weight  equal  to  0.5  and  population 
scheme  B)  are  displayed  in  Table  8.4.  The  differences  for  all  experimental  conditions  are 
displayed  in  Appendix  F. 


Table  8.3:  Test  Results  for  Main  Hypothesis 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Population 

Sizing 

Scheme 

A 

T=  990 
Do  Not 
Reject 
w 95=63  5.9 

T = 990 
Do  Not 
Reject 
w.95=63  5.9 

T = 990 
Do  Not 
Reject 
w.95=635,9 

T = 990 
Do  Not 
Reject 
w.95=635.9 

T = 990 
Do  Not 
Reject 
w95=63  5.9 

B 

T = 1081 
Do  Not 
Reject 
W 95=69 1.1 

T = 1081 
Do  Not 
Reject 
W 95=69 1.1 

T = 1081 
Do  Not 
Reject 
W 95=69 1.1 

T = 1081 
Do  Not 
Reject 
w.95=691.1 

T = 1081 
Do  Not 
Reject 
W 95=69 1.1 

C 

T = 1128 
Do  Not 
Reject 
w 95=7 19.4 

T = 1128 
Do  Not 
Reject 
w.95=719,4 

T = 1128 
Do  Not 
Reject 
w 95=7 19.4 

T=  1128 
Do  Not 
Reject 
w.95=719.4 

T=  1128 
Do  Not 
Reject 
w.95=719.4 

D 

T=  990 
Do  Not 
Reject 
w 95=63  5.9 

T=  990 
Do  Not 
Reject 
w95=635.9 

T=  990 
Do  Not 
Reject 
w 95=635.9 

T=  990 
Do  Not 
Reject 
w 95=635.9 

T=  990 
Do  Not 
Reject 

w.95=63  5.9  1 

Table  8.4.  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 

for  Selected  Groups 


Group  Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability'  (Log) 

Difference 

Group  35 

-35.001 

-69.315 

34.3141 

Group  29 

-30.097 

-110.9 

80.8069 

Group  49 

-17.289 

-124.77 

107.477 

Group  5 

-7.9436 

-152.49 

144.548 

Group  12 

-150.52 

-318.85 

168.33 

Group  4 

-88.171 

-318.85 

230.677 

Group  8 

-102.2 

-402.03 

299.829 
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This  section  can  be  summarized  by  stating  that  there  is  strong  evidence  that 
groups  using  GDSS  most  likely  do  not  behave  like  a GA  using  random  search.  This 
conclusion  indicates  there  is  evidence  that  GDSS  supported  groups  behave  like  a genetic 
algorithm  using  selection,  crossover  and  mutation.  These  conclusions  allow  us  to  further 
consider  the  relationships  between  the  GA  parameters,  x and  p to  particular  variables 
affecting  groups  using  GDSS. 

8.3  Parameter  Hypotheses 

In  this  section  we  will  present  the  results  of  the  tests  of  the  parameter  hypotheses. 
Section  8.3.1  reports  the  results  on  the  FTF  vs.  CMC  hypotheses.  Section  8.3.2  presents 
the  results  of  the  tests  on  the  autocratic  vs.  democratic  groups.  Section  8.3.3  discusses 
the  test  of  global  incentive  groups  vs.  local  incentive  groups. 

8.3.1  FTF  vs.  CMC  Groups 

Our  first  parameter  hypothesis,  H2a,  stated  that  FTF  groups  are  likely  to  have  less 
radical  or  extreme  proposals  than  CMC  groups.  In  order  to  test  this  hypothesis,  we 
compared  the  mutation  rate,  p,  between  FTF  and  CMC  groups.  For  this  hypothesis  to  not 
be  rejected,  FTF  groups  must  have  a smaller  p than  CMC  groups.  We  examined  several 
variations.  For  all  experimental  conditions,  this  hypothesis  was  rejected  at  a = 0.05.  The 
overall  mean  for  FTF  groups  is  lower  (0.023)  than  the  overall  mean  for  CMC  groups 
(0.025)  but  not  significantly  so.  Table  8.5  reports  the  summary  results  from  several 
different  experimental  conditions. 
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Table  8.5:  Summary  Results  of  t Test  on  p for  Hypothesis  H2a 


Experimental 

Condition 

FTP 

Mean/Variance 
of  p 

CMC 

Mean/Variance 
of  p 

One-Tailed 

P-Value 

Results 

All  Schemes 

0.023354762 

0.0003301 

0.025242593 

0.000252 

0.354075307 

Reject  H2a 

Corp  = 0.0 

0.02322619 

0.0003314494 

0.025814815 

0.0002683922 

0.306257803 

Reject  H2a 

Corp  = 0.1 

0.023238095 

0.00033174 

0.025574074 

0.0002613 

0.323009544 

Reject  H2a 

Corp  = 0.5 

0.023833333 

0.0003298208 

0.025453704 

0.000263697 

0.374899632 

Reject  H2a 

Corp  = 0.9 

0.023238095 

0.0003317404 

0.024907407 

0.0002572555 

0.37091917 

Reject  H2a 

Corp  = 1.0 

0.023238095 

0.00033174 

0.024462963 

0.0002622726 

0.404812939 

Reject  H2a 

Pop  = A 

0.042666667 

0.0019591333 

0.050985185 

0.0025554736 

0.27352038 

Reject  H2a 

Pop  = B 

0.026809524 

0.0007622619 

0.029437037 

0.000609917 

0.366899859 

Reject  H2a 

Pop  = C 

0.014 

0.000353828 

0.01 

0.000113907 

0.205915614 

Reject  H2a 

Pop  = D 

0.010085714 

0.0002564 

0.010511111 

0.0001964 

0.46185668 

Reject  H2a 

As  we  can  see,  the  hypothesis  was  rejected  for  all  experimental  conditions.  Table 
8.6  below  displays  the  results  of  the  test  for  each  experimental  condition,  along  with  the 
one  tailed  p-value.  Therefore,  we  can  state  that  distributed  groups  do  not  have  a 
significantly  higher  estimated  mutation  rate  than  proximate  groups. 
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Table  8.6:  Summary  Results  of  t Test  on  p for  all  Experimental  Conditions 


Incentive  Weight  Scheme 

Pop. 

Sizing 

Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

A 

Reject  H2a 
0.25167239 

Reject  H2a 
0.252569087 

Reject  H2a 
0.251775 

Reject  H2a 
0.251198 

Reject  H2a 
0.38599 

R 

Reject  H2a 
0.366429071 

Reject  H2a 
0.368261004 

Reject  H2a 
0.366612 

Reject  H2a 
0.366611981 

Reject  H2a 
0.366612 

C 

Reject  H2a 
0.25614946 

Reject  H2a 
0.198773 

Reject  H2a 
0.198773 

Reject  H2a 
0.141416 

Reject  H2a 
0.256149 

D 

Reject  H2a 
0.380397154 

Reject  H2a 
0.384508125 

Reject  H2a 
0.374660439 

Reject  H2a 
0.463063002 

Reject  H2a 
0.38174 

The  next  hypothesis  posed  compares  the  level  of  diversity  (difference  in  solutions 
as  measured  by  the  Hamming  distance)  between  FTF  and  CMC  groups.  Hypothesis  H2b 
stated  F FF  groups  are  likely  to  have  a lower  diversity  value  (as  measured  by  A)  than 
CMC  groups.  This  hypothesis  was  rejected  at  a = 0.05.  The  difference  in  the  means  for 
the  two  groups  is  significant,  however  the  CMC  groups  have  the  lower  level  of  diversity 
than  the  FTF  groups.  The  results  of  the  t Test  on  the  sample  means  for  FTF  and  CMC 
groups  are  reported  in  Table  8.7. 


Table  8.7:  Results  of  t Test  on  A for  Hypothesis  H2b 


Experimental 

Condition 

FTF 

Mean/Variance 
of  A 

CMC 

Mean/Variance 
of  A 

One-Tailed 

P-Value 

Results 

All  Groups 

1.276769762 

0.96762759 

0.859612556 

0.2129216 

0.041866118 

Reject  H2b 

Therefore,  FTF  groups  do  not  exhibit  less  diversity,  as  measured  by  the  Hamming 
distance,  than  do  CMC  groups. 

Our  final  hypothesis  comparing  FTF  groups  with  CMC  groups  relates  the 
crossover  rate,  to  the  diversity  rate.  Hypothesis  H2c  stated  if  A is  close  to  zero,  FTF 
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groups  are  likely  to  behave  like  a GA  having  a lower  i than  CMC  groups.  The  mean 
Hamming  distance  for  both  FTF  and  CMC  groups  is  stated  above.  The  one-tailed  t Test 
results  for  the  crossover  rates  from  several  different  experimental  conditions  are 
presented  in  Table  8.8.  We  do  not  reject  hypothesis  H2c  at  a = 0.05. 


Table  8.8:  Summary  Results  of  t Test  on  % for  Hypothesis  H2c 


Experimental 

Condition 

FTF 

Mean/Variance 
°f  X 

CMC 

Mean/Variance 
of  1 

One-Tailed 

P-Value 

Results 

All 

0.019704762 

0.0032606 

0.06942963 

0.0124280 

0.025843869 

Do  Not  Reject 
H2c 

Corp  = 0.0 

0.022214286 

0.004299989 

0.067712963 

0.012117657 

0.041093797 

Do  Not  Reject 
H2c 

Corp  = 0.1 

0.019511905 

0.0030196 

0.068888889 

0.01243304 

0.025678304 

Do  Not  Reject 
H2c 

Corp  = 0.5 

0.019035714 

0.003027633 

0.06937963 

0.011536746 

0.020686506 

Do  Not  Reject 
H2c 

Corp  = 0.9 

0.018892857 

0.00303095 

0.071796296 

0.01305648 

0.020606653 

Do  Not  Reject 
H2c 

Corp  = 1.0 

0.018869048 

0.00302994 

0.06937037 

0.01327967 

0.026119617 

Do  Not  Reject 
H2c 

Pop  = A 

0.056266667 

0.04824295 

0.11082963 

0.055529540 

0.206375694 

Reject  H2c 

Pop  = B 

0.017190476 

0.002351537 

0.129259259 

0.052038882 

0.00955898 

Do  Not  Reject 
H2c 

Pop  = C 

0 

0 

0 

0 

0.999999999 

Reject  H2c 

Pop  = D 

0.005361905 

0.000399 

0.03762963 

0.005185 

0.016888077 

Do  Not  Reject 
H2c 
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Table  8.9:  Summary  Results  of  t Test  on  x for  Hypothesis  H2c 


Incentive  Weight  Scheme 

Pop. 

Sizing 

Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

A 

Reject  H2c 
0.213750231 

Reject  H2c 
0.205181603 

Reject  H2c 
0.203754 

Reject  H2c 
0.204493 

Reject  H2c 
0.205032 

R 

Do  Not 
Reject  H2 
0.015816647 

Do  Not  Reject 
H2c 

0.008230253 

Do  Not  Reject 
H2c 

0.008549 

Do  Not  Reject 
H2c 

0.008845076 

Do  Not  Reject 
H2c 

0.008879 

C 

Reject  H2c 
0.99999 

Reject  H2c 
0.99999 

Reject  H2c 
0.99999 

Reject  H2c 
0.99999 

Reject  H2c 
0.99999 

L> 

Do  Not 
Reject  H2c 
0.036486393 

Do  Not 
Reject  H2c 
0.03042577 

Do  Not  Reject 
H2c 

0.023522968 

Do  Not  Reject 
H2c 

0.011181281 

Do  Not  Reject 
H2c 
0.02202 

Thus,  we  can  state  that  the  crossover  rate  is  overall  lower  for  FTF  groups 
compared  to  CMC  groups  provided  the  level  of  diversity  as  measured  by  A is  close  to 
zero.  We  note  there  are  exceptions  as  shown  in  Tables  8.8  and  8.9.  Particularly  we  reject 
this  hypothesis  when  the  population-sizing  scheme  is  Leader-Influenced  (A)  and  when 
the  population-sizing  scheme  is  Fixed-Two  (C).  We  wish  to  point  out  that  our  Fixed- 
Two  population-sizing  scheme  estimated  all  crossover  values  as  0.0.  Therefore,  it  is  not 
surprising  that  no  difference  is  detected  for  this  scheme.  We  interpret  this  finding  to 
mean  that  the  population-sizing  scheme  is  the  problem,  not  the  hypothesis.  Later,  we  will 
show  this  is  true  for  leader  presence  and  incentive  structure  hypotheses  as  well.  Overall, 
we  can  interpret  this  result  as  FTF  groups  generally  exchange  or  share  more  ideas  (or 
components  of  ideas)  than  CMC  groups,  as  is  supported  by  the  literature. 

8.3.2  Democratic  vs.  Autocratic  Groups 

The  hypotheses  posed  comparing  democratic  groups  to  autocratic  groups  with 
regards  to  the  various  genetic  algorithm  parameters  are  quite  similar  to  those  posed  in  the 
previous  section.  Hypothesis  H3a  stated  autocratic  groups  are  less  likely  to  have  more 


94 

radical  or  extreme  ideas  than  democratic  groups.  We  test  this  hypothesis  by  comparing 
the  mutation  rate,  p,  between  autocratic  and  democratic  groups.  The  mutation  rate 
should  be  smaller  for  autocratic  groups  than  for  democratic  groups.  This  hypothesis  was 
rejected  at  a = 0.05.  These  results  are  reported  in  Table  8.10.  In  fact,  autocratic  groups 
had  a higher  mean  (0.027)  than  democratic  groups  (0.022). 


Table  8. 10:  Summary  Results  of  t Test  on  p for  Hypothesis  H3a 


Experimental 

Condition 

Democratic 
Mean/Variance 
of  p 

Autocratic 
Mean/Variance 
of  p 

One-Tailed 

P-Value 

Results 

All 

0.02231 

0.00025287 

0.02671087 

0.00030847 

0.184592833 

Reject 

H3a 

Corp  = 0.0 

0.02229 

0.00025853 

0.027282609 

0.00032649 

0.159506386 

Reject 

H3a 

Corp  = 0.1 

0.02228 

0.000258954 

0.027021739 

0.000318669 

0.17024927 

Reject 

H3a 

Corp  = 0.5 

0.02238 

0.00024515 

0.027032609 

0.00031893 

0.172084898 

Reject 

H3a 

Corp  = 0.9 

0.0223 

0.0002597 

0.026521739 

0.00031334 

0.196751402 

Reject 

H3a 

Corp  = 1.0 

0.0223 

0.0002597 

0.025695652 

0.00032275 

0.247801986 

Reject 

H3a 

Pop  = A 

0.034328 

0.00072964 

0.061773913 

0.00359139 

0.026413462 

Reject 

H3a 

Pop  = B 

0.034072 

0.00075995 

0.022 

0.00050909 

0.05137255 

Reject 

H3a 

Pop  = C 

0.012448 

0.0002623 

0.01093913 

0.0001779 

0.362719532 

Reject 

H3a 

Pop  = D 

0.008392 

0.0002452 

0.012130435 

0.0001948 

0.19322533 

Reject 

H3a 
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Table  8.1 1 : Summary  Results  of  t Test  on  p for  Hypothesis  H3a  (All  Groups) 


Incentive  Weight  Scheme 


Pop. 

Sizing 

Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

A 

Reject  H3a 

0.023225134 

Auto>Demo 

Reject  H3a 

0.023102086 

Auto>Demo 

Reject  H3a 

0.028838 

Auto>Demo 

Reject  H3a 

0.023291 

Auto>Demo 

Reject  H3a 
0.054624 

B 

Reject  H3a 
0.051031786 

Reject  H3a 
0.051694467 

Reject  H3a 
0.051381 

Reject  H3a 
0.051381 

Reject  H3a 
0.051381 

<2 

Reject  H3a 
0.402571035 

Reject  H3a 
0.312719 

Reject  H3a 
0.394483 

Reject  H3a 
0.312719 

Reject  H3a 
0.402571 

D 

Reject  H3a 
0.175655082 

Reject  H3a 
0.178203778 

Reject  H3a 
0.176684 

Reject  H3a 
0.304242 

Reject  H3a 
0.176684 

Therefore,  we  cannot  say  that  autocratic  groups  have  a lower  mutation  rate  than 


democratic  groups.  In  fact,  the  mutation  rate  is  often  significantly  greater  for  autocratic 
groups  than  for  democratic  groups. 

The  next  hypothesis  tested  states  autocratic  groups  likely  have  a lower  A value 
than  democratic  groups  where  A is  the  Hamming  distance.  This  hypothesis  was  not 
rejected  at  a = 0.05.  The  results  are  provided  in  Table  8.12. 


Table  8.12:  Results  of  t Test  on  A for  Hypothesis  H3b 


Experimental 

Condition 

Democratic 
Mean/Variance 
of  A 

Autocratic 
Mean/Variance 
of  A 

One-Tailed 

P-Value 

Results 

All  Groups 

1.25827216 

0.90535881 

0.807169565 

0.126265182 

0.017349687 

Do  Not  Reject  H3b 

Therefore,  we  can  say  that  autocratic  groups  show  less  diversity  in  the  solutions 
proposed  than  democratic  groups. 

Our  final  hypothesis  in  this  section  examines  the  relationship  between  the 
crossover  rates  ol  the  two  groups.  Hypothesis  H3c  states  if  A is  close  to  zero,  meaning 
there  is  little  diversity  within  the  group,  autocratic  groups  are  likely  to  experience  a lower 
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rate  of  exchange  of  ideas  or  proposals  than  democratic  groups.  We  believe  that  % should 
be  lower  for  autocratic  groups  than  for  democratic  groups.  We  reject  this  hypothesis  at  a 
= 0.05.  These  results  are  reported  in  Tables  8.13  and  8.14. 


Table  8.13:  Summary  Results  of  t Test  on  % for  Hypothesis  H3c 


Experimental 

Condition 

Democratic 
Mean/Variance 
°f  X 

Autocratic 
Mean/Variance 
°f  X 

One-Tailed  P- 
Value 

Results 

All 

0.047456 

0.00899782 

0.04551087 

0.00762848 

0.470679517 

Reject  H3c 

Corp  = 0.0 

0.04803 

0.0096072 

0.045369565 

0.00781152 

0.460831755 

Reject  H3c 

Corp  = 0.1 

0.04924 

0.0100808 

0.045347826 

0.007806879 

0.443527194 

Reject  H3c 

Corp  = 0.5 

0.04063 

0.00453457 

0.044847826 

0.007637379 

0.426625968 

Reject  H3c 

Corp  = 0.9 

0.04971 

0.01115918 

0.0475 

0.007512238 

0.46849811 

Reject  H3c 

Corp  = 1.0 

0.04967 

0.01119732 

0.044673913 

0.00758918 

0.42931799 

Reject  H3c 

Pop  = A 

0.078536 

0.02554836 

0.061773913 

0.0035913 

0.314365774 

Reject  H3c 

Pop  = B 

0.08576 

0.03632344 

0.07246087 

0.030878852 

0.401261467 

Reject  H3c 

Pop  = C 

0 

0 

0 

0 

0.99999 

Reject  H3c 

Pop  = D 

0.025528 

0.0036523 

0.021321739 

0.00347716 

0.404173807 

Reject  H3c 
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Table  8.14:  Summary  Results  of  t Test  on  x for  Hypothesis  H3c  (All  Groups) 


Incentive  Weight  Scheme 

Pop. 

Sizing 

Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

A 

Reject  H3c 
0.463676655 

Reject  H3c 
0.481101678 

Reject  H3c 
0.263941161 

Reject  H3c 
0.494886039 

Reject  H3c 
0.494674 

B 

Reject  H3c 
0.432082723 

Reject  H3c 
0.407452221 

Reject  H3c 
0.392005 

Reject  H3c 
0.388233 

Reject  H3c 
0.388275 

C 

Reject  H3c 
0.99999 

Reject  H3c 
0.99999 

Reject  H3c 
0.99999 

Reject  H3c 
0.99999 

Reject  H3c 
0.99999 

L> 

Reject  H3c 
0.325123435 

Reject  H3c 
0.338682528 

Reject  H3c 
0.365693 

Reject  H3c 
0.391272 

Reject  H3c 
0.373741 

We  do  observe  that  the  average  x is  lower  for  autocratic  groups  (0.045)  than  for 
democratic  groups  (0.047),  however  this  difference  is  not  significant  at  a = 0.05.  We 
interpret  this  finding  as  there  is  no  greater  exchange  or  sharing  of  ideas  in  autocratic 
groups  than  democratic  groups. 

8.3.3  Incentive  Structures 

Hypothesis  H4a  stated  that  global  groups  should  exhibit  less  diversity  in  their 
proposed  solutions  than  local  groups.  The  results  of  the  one-tail  t Tests  on  p between 
local  and  global  groups  are  presented  in  the  tables  below.  Table  8.15  displays  the 
aggregate  data  for  all  experimental  conditions.  Table  8.16  breaks  down  the  result  by 
experimental  condition.  We  reject  the  hypothesis  that  there  is  a difference  in  p between 
the  groups  at  the  cc  — 0.05  level.  In  fact,  the  local  groups  have  a lower  average  mutation 
rate  than  global  groups,  although  this  difference  is  not  statistically  significant.  Clearly, 
there  is  no  significant  difference  between  global  and  local  incentive  groups  on  uniform 


mutation  rates. 
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Table  8.15:  Summary  Results  of  t Test  on  (i  for  Hypothesis  H4a 


Experimental 

Condition 

Local 

Mean/Variance 

Global 

Mean/Variance 

One-Tailed 

P-Value 

Results 

All 

0.02244375 

0.0003752352 

0.026377083 

0.000192509 

0.211621345 

Reject  H4a 

Corp  = 0.0 

0.022427083 

0.000374383 

0.0269375 

0.000210061 

0.182904334 

Reject  H4a 

Corp  = 0.1 

0.022427083 

0.0003743 

0.026677083 

0.00020293 

0.195559102 

Reject  H4a 

Corp  = 0.5 

0.022447917 

0.00037515 

0.0266875 

0.00020319 

0.196344989 

Reject  H4a 

Corp  = 0.9 

0.022458333 

0.000376134 

0.0261875 

0.000196604 

0.224752727 

Reject  H4a 

Corp  = 1.0 

0.022458333 

0.0003761340 

0.025395833 

0.000205086 

0.276884008 

Reject  H4a 

Pop  = A 

0.047166667 

0.00306800 

0.047525 

0.00155986 

0.489767577 

Reject  H4a 

Pop  = B 

0.0244 

0.0006989 

0.032175 

0.00062537 

0.150359902 

Reject  H4a 

Pop  = C 

0.00925 

0.00021923 

0.0144 

0.00021655 

0.116501396 

Reject  H4a 

a 

ii 

c. 

o 

a- 

0.008958333 

0.000159519 

0.011408333 

0.00028687 

0.286465727 

Reject  H4a 

Table  8.16:  Summary  Results  of  t Test  on  p for  Hypothesis  H4a  (All  Groups) 


Incentive  Weight  Scheme 

Pop. 

Sizing 

Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

A 

Reject  H4a 
0.453543728 

Reject  H4a 
0.45471418 

Reject  H4a 
0.455883142 

Reject  H4a 
0.457105055 

Reject  H4a 
0.368553986 

B 

Reject  H4a 
0.148199851 

Reject  H4a 
0.149619844 

Reject  H4a 
0.151332857 

Reject  H4a 
0.151332857 

Reject  H4a 
0.151332857 

C 

Reject  H4a 
0.092865 

Reject  H4a 
0.1372724 

Reject  H4a 
0.1372724 

Reject  H4a 
0.1372724 

Reject  H4a 
0.092865 

0 

Reject  H4a 
0.266789853 

Reject  H4a 
0.26392337 

Reject  H4a 
0.261740688 

Reject  H4a 
0.415541682 

Reject  Ha 
0.261740688 
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Hypothesis  H4b  stated  that  the  diversity  level.  A,  will  be  lower  for  global  groups 

than  for  local  groups.  The  results  the  test  of  this  hypothesis  at  a = 0.05  are  presented  in 
Table  8.17  below. 


Table  8.17:  Results  of  t Test  on  A for  Hypothesis  H4b 


Experimental 

Condition 

Local 

Mean/Variance 
on  A 

Global 

Mean/Variance 
on  A 

One-Tailed 

P-Value 

Results 

All  Groups 

1.001584593 

0.78395078 

1.094234286 

0.32300051 

0.331159724 

Reject  H4b 

We  reject  this  hypothesis.  In  fact,  local  groups  have  a lower  average  diversity 
level  (1.00)  than  global  groups  (1.09),  although  this  difference  is  not  statistically 
significant.  Therefore,  local  groups  have  lower  diversity  levels  than  global  groups.  This 
finding  would  seem  to  support  the  finding  of  hypothesis  H4a. 

We  also  compared  the  crossover  rates  for  both  groups.  Hypothesis  H4c  stated 
that  global  groups  are  likely  to  experience  a lower  rate  of  idea  exchange  than  local 
groups.  We  test  this  hypothesis  by  comparing  the  crossover  rate  between  global  and 
local  groups.  It  the  hypothesis  is  correct,  global  groups  should  have  a lower  x value  than 
local  groups.  Tables  8.18  and  8.19  display  the  results  of  this  test.  We  reject  the 
hypothesis  that  global  groups  have  a lower  x value  than  local  groups  at  a = 0.05. 
However,  it  is  worthwhile  to  note  that  the  mean  x is  lower  for  global  groups  (0.034)  than 
for  local  groups  (0.061),  providing  limited  support  for  this  hypothesis. 
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Table  8.18:  Summary  Results  of  t Test  on  x for  Hypothesis  H4c 


Experimental 

Condition 

Local 

Mean/Variance 

Global 

Mean/Variance 

One-Tailed 

P-Value 

Results 

All 

0.061133333 

0.0118838 

0.033795833 

0.00605217 

0.161517626 

Reject  H4c 

Corp  = 0.0 

0.060416667 

0.01112277 

0.03309375 

0.005988276 

0.156016819 

Reject  H4c 

Corp  = 0.1 

0.0611875 

0.01146606 

0.033385417 

0.00606334 

0.154748504 

Reject  H4c 

Corp  = 0.5 

0.245625 

0.193836244 

0.033302083 

0.006117684 

0.014390411 

Do  Not  Reject 
H4c 

Corp  = 0.9 

0.061364583 

0.01237611 

0.0359375 

0.006119 

0.182524191 

Reject  H4c 

Corp  = 1.0 

0.061291667 

0.01241351 

0.033260417 

0.00613290 

0.159596641 

Reject  H4c 

Pop  = A 

0.1  15108333 
0.06045715 

0.058808333 

0.04414102 

0.199140739 

Reject  H4c 

Pop  = B 

0.10835 

0.03640206 

0.050425 

0.02937848 

0.137210718 

Reject  H4c 

Pop  = C 

0 

0 

0 

0 

0.999999999 

Reject  H4c 

Pop  = D 

0.021075 

0.00268012 

0.12975 

0.11134610 

0.063984698 

Reject  H4c 
(Local  < 
Global) 

Table  8.19:  Summary  Results  of  t Test  on  x for  Hypothesis  H4c 


Incentive  Weight  Scheme 

Pop. 

Sizing 

Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

A 

Reject  H4c 
0.198619248 

Reject  H4c 
0.197086443 

Reject  H4c 
0.198859308 

Reject  H4c 
0.200436363 

Reject  H4c 
0.201047359 

B 

Reject  H4c 
0.132157894 

Reject  H4c 
0.133237026 

Reject  H4c 
0.138444648 

Reject  H4c 
0.140782065 

Reject  H4c 
0.141708079 

C 

Reject  H4c 
0.99999 

Reject  H4c 
0.99999 

Reject  H4c 
0.99999 

Reject  H4c 
0.99999 

Reject  H4c 
0.99999 

L> 

Reject  H4c 
0.404378491 

Reject  H4c 
0.421831042 

Reject  H4c 
0.44940512 

Reject  H4c 
0.263795615 

Reject  H4c 
0.456130398 
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This  test  does  find  that  the  incentive  weight  = 0.5  group  data  set  is  significant  at  a 
= 0.05.  However,  we  also  note  that  the  population-sizing  scheme  D (Fixed-Four)  finds  a 
higher  global  incentive  crossover  rate  than  local  incentive. 

8.4  Conclusions 

This  chapter  has  reported  the  results  of  the  tests  on  hypotheses  first  formulated  in 
Chapter  5.  We  have  found  that  groups  using  GDSS  do  behave  like  a GA  with  the 
estimated  parameters.  However,  there  are  mixed  results  within  the  parameter  hypotheses. 
These  inconsistencies  seem  to  indicate  two  problems.  First,  more  research  needs  to  be 
done  in  this  area.  Second,  there  is  a need  tor  additional  data  sets  and  experiments  to 
better  understand  these  relationships.  We  summarize  these  findings  in  Table  8.20. 

The  next  chapter  presents  our  conclusions,  limitations  and  future  research  ideas. 
We  will  attempt  to  explain  the  inconsistencies  resulting  from  our  parameter  tests. 
Limitations  of  this  research  are  described  along  with  suggestions  for  improvement. 

Finally,  we  propose  some  areas  for  future  research  of  interest  to  both  researchers  and 
practitioners. 


Table  8.20:  Summary  of  Hypothesis  Tests 


Hypothesis 

One-Tailed  P- 
Value  (Overall) 

Overall  Outcome 

HI : Groups  using  GDSS  act 
like  a simple  genetic  algorithm 

< 0.001 

Do  Not  Reject  HI 

H2a:  FTF  groups  are  likely  to 
propose  less  explorative 
solutions  than  CMC  groups 

0.354075307 

Reject  H2a 

H2b:  FTF  groups  are  likely  to 
have  lower  diversity  than 
CMC  groups 

0.041866118 

Reject  H2b 
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Table  8.20— Continued 


Hypothesis 

One-Tailed  P- 
Value  (Overall) 

Overall  Outcome 

H2c:  If  there  is  little  or  no 
diversity  within  the  groups, 
FTF  groups  are  likely  to 
experience  a lower  rate  of 
exchange  of  ideas  than  CMC 
groups 

0.025843869 

Do  Not  Reject  H2c 

F13a:  Autocratic  groups  are 
likely  to  propose  less 
explorative  solutions  than 
democratic  groups 

0.184592833 

Reject  H3a 

H3b:  Autocratic  groups  are 
likely  to  have  lower  diversity 
than  democratic  groups 

0.017349687 

Do  Not  Reject  H3b 

H3c:  If  there  is  little  or  no 
diversity  within  the  groups, 
autocratic  groups  are  likely  to 
experience  a lower  rate  of 
exchange  of  ideas  than 
democratic  groups 

0.470679517 

Reject  H3c 

H4a:  Global  incentive  groups 
are  likely  to  propose  less 
explorative  solutions  than 
local  incentive  groups 

0.161517626 

Reject  H4a 

H4b:  Global  incentive  groups 
are  likely  to  have  lower 
diversity  than  local  incentive 
groups 

0.331159724 

Reject  H4b 

H4c:  If  there  is  little  or  no 
diversity  within  the  groups, 
global  incentive  groups  are 
likely  to  experience  a lower 
rate  of  exchange  of  ideas  than 
local  incentive  groups 

0.161517626 

Reject  H4c 

CHAPTER  9 

CONCLUSIONS/FUTURE  DIRECTIONS 
9,1  Overview 

This  chapter  will  describe  and  discuss  the  conclusions  and  future  directions  for 
this  research.  We  originally  asked  the  question  of  whether  or  not  groups  supported  by 
GDSS  act  like  a simple  genetic  algorithm.  Chapter  8 reported  the  results  of  the  tests  of 
our  research  questions.  We  further  discuss  these  results  and  draw  conclusions  on  the 
overall  impact  of  this  study  (see  Section  9.2).  Limitations  of  this  study  are  presented  in 
order  to  qualify  these  findings  (see  Section  9.3).  We  propose  potential  future  research 
directions  (see  Section  9.4)  ranging  from  revising  and  extensive  testing  of  our  research 
model  to  other  GDSS  settings. 

9.2  Conclusions 

As  discussed  in  the  previous  chapter,  we  concluded  that  groups  using  GDSS  do 
act  like  a simple  genetic  algorithm  using  selection,  crossover  and  mutation.  We 
summarize  the  results  of  our  parameter  tests  in  Section  9.2. 1 . We  discuss  the  need  for 
further  testing  of  the  model  in  Section  9.2.2.  Observations  and  conclusions  regarding  the 
simple  genetic  algorithm  used  in  our  model  are  discussed  (see  Section  9.2.3).  Finally,  we 
discuss  our  population-sizing  and  incentive  weighting  schemes  (see  Section  9.2.4). 
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9.2.1  Parameter  Relation  to  GDSS 

In  this  study,  we  tested  two  parameters,  the  crossover  rate,  x and  the  mutation 
rate,  p,  and  their  effects  on  leadership,  communications  channel  and  incentive  structure. 
We  were  not  quite  so  successful  in  linking  the  GA  parameters  of  p and  x to  the  particular 
GDSS  variables  examined  in  Barkhi’s  study  (Barkhi,  1995). 

The  first  result  of  these  tests  was  that  there  was  no  significant  difference  in 
mutation  rates  for  FTF  and  CMC  groups,  although  the  overall  mean  for  FTF  groups  was 
lower  (0.023)  than  the  overall  mean  for  CMC  groups  (0.025)  but  not  significantly  so. 

This  fact  would  imply  that  communications  channel  (either  FTF  or  CMC)  does  not  have  a 
significant  effect  on  the  mutation  rate  in  this  particular  experiment.  Most  interestingly, 
we  found  that  for  FTF  versus  CMC  groups,  the  diversity  level  was  significantly  lower  for 
CMC  groups  than  for  FTF  groups,  contrary  to  our  hypothesis.  One  possible  reason  for 
this  difference  is  that  perhaps  the  social  presence  influence  is  not  as  great  as  previously 
thought.  Perhaps  the  proximity  effect  causes  FTF  groups  to  propose  more  diverse 
solutions,  in  order  to  improve  the  search  for  an  acceptable  solution.  Another  possible 
factor  is  the  influence  of  interaction  effects,  not  examined  in  this  research.  We  did  find 
that  there  were  significant  differences  in  crossover  rates  between  FTF  and  CMC  groups 
meaning  that  FTF  groups  did  have  a lower  rate  of  idea  exchange  than  CMC  groups. 

Further  research  is  required  to  reconcile  these  results. 

Another  contradiction  in  our  hypothesis  tests  was  found  in  democratic  versus 
autocratic  group  membership.  The  mutation  rate  was  hypothesized  to  be  smaller  for 
autocratic  groups  than  for  democratic  groups.  In  fact,  the  mutation  rate  was  higher  for 
autocratic  groups  than  tor  democratic  groups,  although  not  significantly  so.  One  possible 
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explanation  is  that  leadership  style  might  be  influencing  the  outcomes.  Leadership  style 
was  not  explicitly  studied  in  this  research  or  Barkhi’s  (1995)  study.  Nunamaker  et  al. 
(1997)  state  that  while  the  use  of  the  “GSS  technology  does  not  imply  any  particular 
leadership  style”  (p.  171)  poor  leadership  style  will  result  in  poor  group  outcomes.  Again, 
interaction  effects  might  be  further  clouding  the  results.  We  found  that  autocratic  groups 
do  have  lower  levels  of  diversity  than  democratic  groups  as  stated  in  H3b.  The  rate  of 
exchange  of  ideas  as  measured  by  the  crossover  rate  was  not  found  to  be  significantly 
different  for  autocratic  versus  democratic  groups,  although  autocratic  groups  did  have 
lower  crossover  rates  than  democratic  groups.  This  finding  could  be  attributed  to  not 
having  enough  observations  to  have  any  significant  results. 

Finally,  we  found  conflict  between  the  results  of  our  tests  and  our  hypotheses  on 
incentive  structure.  We  proposed  that  the  mutation  rate  would  be  lower  for  global 
incentive  groups  than  for  local  incentive  groups,  in  fact,  local  incentive  groups  had  lower 
mutation  rates  than  global  incentive  groups,  but  not  significantly  so.  For  this  research 
variable,  we  based  our  hypotheses  on  the  gaming  behavior  of  global  incentive  groups. 
Perhaps  a more  fruitful  line  of  reasoning  to  pursue  is  that  local  incentive  groups  have 
greater  incentive  to  cooperate,  thus  coordinating  their  searches  better.  This  idea  is 
supported  by  the  results  of  the  test  on  the  diversity  levels  between  the  two  groups.  We 
proposed  that  global  incentive  groups  would  have  lower  levels  of  diversity  than  local 
incentive  groups.  In  fact  local  incentive  groups  had  lower  levels  than  global  incentive 
groups.  This  finding  seems  to  support  the  coordination  approach  mentioned  above.  We 
did  find  that  global  incentive  groups  had  lower  mean  crossover  rates  than  did  local 
incentive  groups,  but  not  significantly  so.  These  conflicts  lead  us  to  believe  that  we  do 
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not  fully  understand  the  linkages  between  incentive  structure  and  the  GA  parameters 
studied  and  perhaps  other  factors  are  involved  as  well. 

9.2,2  Further  Testing 

It  is  readily  apparent  that  more  data  sets  are  required  to  carry  out  robust  and 
accurate  testing  of  this  particular  model,  since  most  of  our  results  came  out  as  we 
anticipated  but  were  not  statistically  significant.  We  would  like  to  acquire  data  sets  that 
examine  similar  variables  to  those  examined  by  Barkhi  (1995). 

In  addition  to  the  variables  studied  by  Barkhi,  we  would  like  to  examine  different 
variations  on  incentive  structure.  Other  types  of  incentive  are  possible,  including  hybrid 
schemes.  Another  area  we  would  like  to  further  examine  is  task  type.  Barkhi’s  task  was 
a type  of  mixed  motive  task,  as  classified  by  McGrath  (1984)  and  McGrath  and 
Hollingshead  (1993).  Several  other  tasks  suitable  for  this  research  might  include 
intellective,  decision-making  and  contests  or  competitive  tasks  (McGrath  and 
Hollingshead,  1993).  We  also  believe  it  would  be  useful  to  incorporate  other  variables 
into  the  model,  as  well  as  ‘‘real  world"  studies  and  time  series  data. 

9.2,3  The  Genetic  Algorithm 

There  are  several  issues  to  consider  regarding  the  genetic  algorithm  used  to  model 
groups  using  GDSS.  We  believe  that  our  selection  operator  is  not  robust  enough  to 
adequately  describe  the  actual  process  of  sampling  ideas  based  on  fitness  function 
information.  The  ability  of  GDSS  to  rank  decision  alternatives  was  noted  as  a very  useful 
feature  to  GDSS  users  in  a study  by  Beauclair  and  Straub  (1990).  Therefore,  rank  or 
tournament  selection  might  be  model  real-world  decision-making  more  accurately. 

Perhaps  even  more  obviously,  the  single-point  crossover  operator  employed  does  not 
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represent  the  actual  mating  process  of  proposed  solutions  during  the  brainstorming  and 
negotiation  phases  of  this  particular  task.  We  believe  multi-point  or  uniform  crossover 
might  more  accurately  depict  the  idea-exchange  process.  Using  masks  described  in 
Chapter  4,  we  can  allow  any  possible  scheme  at  the  expense  of  more  parameters. 

9,2.4  Population-Sizing  and  Incentive  Weighting  Schemes 

As  discussed  in  previous  chapters,  we  varied  both  the  population  sizing  and 
incentive  weighting  schemes.  The  best  overall  population-sizing  scheme  seemed  to  be 
the  Peer-Influenced  scheme.  We  believe  it  performed  better  than  the  Leader-Influenced 
scheme  as  the  Leader-Influenced  scheme  did  not  account  for  wide  variations  in 
leadership  style.  It  was  made  apparent  by  visual  inspection  of  the  data  that  some  leaders 
were  quite  active  in  proposing  solutions  where  others  were  more  passive,  that  is  only 
proposing  a solution  towards  the  end  of  the  session.  This  affected  the  population  sizes 
and  the  number  of  generations  created.  We  believe  a hybrid  scheme  where  leadership 
style  is  somehow  incorporated  by  weighting  the  leader’s  proposed  solutions  depending 
on  activity  level  for  determining  generations  would  interesting  to  study.  The  worst 
scheme  seemed  to  be  the  Fixed-Two  scheme.  Considering  this  scheme  was  designed  to 
be  somewhat  arbitrary  and  would  have  little  diversity  in  sampling  solutions  for  the  next 
generation,  the  scheme’s  poor  performance  makes  sense.  The  Fixed-Four  scheme 
performed  better,  as  the  population  sizes  were  larger,  thus  improving  outcomes  due  to  a 
larger  number  of  solutions  to  sample  from. 

The  incentive  weighting  scheme  tends  to  favor  higher  weights  corresponding  to 
increasing  corporate  influence.  The  implications  of  this  finding  are  unclear  at  this  point. 
Due  to  the  different  treatment  conditions  and  possible  interaction  effects,  there  is  no 
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obvious  interpretation  of  these  results.  Future  research  into  this  area  is  indicated.  The 
values  of  the  path  probability  estimates  and  estimated  crossover  and  mutation  rates  for  all 
groups  under  all  conditions  are  provided  in  Appendix  E. 

9.3  Limitations 

There  are  several  important  limitations  we  would  like  to  discuss.  First,  we  made 
man>  simplifications  tor  this  study,  in  terms  of  population-sizing  and  incentive  weighting 
schemes,  GA  operators  and  in  testing  the  outcomes  of  our  tests,  due  to  the  complexity  of 
the  computations  involved  as  well  as  the  problem  itself.  Second,  as  we  attempted  to 
validate  our  model  with  experimental  data,  we  are  also  bound  by  the  limitations  of  the 
study  providing  our  data.  Therefore,  the  conclusions  we  can  draw  for  all  groups  using 
GDSS  are  somewhat  limited  without  further  examination. 

9,4  Future  Directions  in  Genetic  Algorithm  Research 

This  section  will  present  some  future  research  ideas,  in  which  are  included  topics 
we  wished  we  could  have  pursued  in  this  research  project,  but  found  were  beyond  the 
temporal  and  computational  scope  of  this  project.  This  section  will  pay  particular 
attention  to  genetic  algorithm  issues.  The  best  encoding  scheme  to  use  and  adaptive 
parameters  are  discussed  (see  Sections  9.4.1  and  9.4.2).  Additional  GA  operators  and 
more  expressive  versions  of  the  operators  used  in  this  dissertation  are  covered  (see 
Section  9.4.3  and  9.4.4).  The  possibility  of  computing  the  expected  waiting  time  to  see  a 
particular  solution  is  discussed  (see  Section  9.4.5). 
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9.4.1  Encodings 

As  discussed  in  Chapter  6,  there  is  still  much  to  be  learned  about  the  optimal 
encoding  scheme  for  a particular  problem.  We  believe  that  a genetic  algorithm  using  a 
binary  encoding  will  arrive  at  a solution  at  a faster  rate  than  a GA  using  a higher 
cardinality  encoding.  This  belief  is  based  on  the  principle  of  minimal  alphabets  discussed 
in  Chapter  4.  Based  on  the  results  found  in  Barkhi  et  al.  (1997)  that  FTF  and  local 
incentive  groups  had  better  performance  on  the  GDSS  task,  we  would  like  investigate  the 
possibility  that  better  performance  corresponds  to  a lower  cardinality  encoding  scheme. 

The  issue  of  encoding  scheme  takes  on  greater  importance  as  other  GDSS  tasks 
are  considered.  Many  tasks  considered  by  groups  might  be  more  naturally  expressed  by 
higher  cardinality  encodings. 

9.4.2  Adaptive  Parameters 

Another  area  of  interest  that  we  wished  to  further  develop  was  the  concept  of 
adaptive  crossover  and  mutation  rates.  The  idea  was  that  as  groups  moved  closer  and 
closer  to  convergence,  the  rates  at  which  solutions  were  paired  for  crossover  and 
subsequently  mutated  was  not  fixed.  Flowever,  we  run  into  problems  of  not  having 
enough  data  to  address  this  angle.  This  might  be  better  suited  to  meetings  that  extend 
over  time  and  have  more  ideas  proposed. 

9.4.3  More  Expressive  Operators 

One  area  of  important  further  research  is  to  find  better  or  more  expressive 
versions  of  the  selection  and  crossover  operators.  We  used  the  “roulette  wheel’'  selection 
(Goldberg,  1989)  due  to  its  ease  of  implementation  and  general  acceptance  by  the  GA 
research  community.  However,  many  other  variants  exist  for  selection.  As  mentioned  in 
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Section  9.2.3  rank  and  tournament  selection  schemes  are  likely  candidates  for  future 
study.1  Our  use  of  single-point  crossover  is  perhaps  the  more  troubling  of  the  two.  It  is 
intuitive  that  a more  refined  version  of  crossover  is  actually  taking  place.  Multi-point 
crossover,  as  described  in  Goldberg  (1989)  is  one  potential  direction.  Another  possible 
research  area  is  the  extension  of  crossover  and  mutation  rates  to  masks  as  described  in 
Vose  (1998).  We  provided  a brief  introduction  to  the  use  of  masks  for  crossover  and 
mutation  in  Chapter  4. 

9.4.4  Other  GA  Operators 

There  exist  many  other  possible  GA  operators.  Several  of  these  operators  could 
easily  be  implemented.  Goldberg  (1989)  described  the  use  of  niche  and  speciation  to 
better  search  complex  search  spaces.  Inversion  could  be  used  for  re-ordering  of 
chromosomes  or  bits  within  the  string,  which  might  prove  useful  in  particular  problem 
domains  (Goldberg,  1989).  Another  area  of  interest  might  be  that  of  overlapping 
populations  as  proposed  by  De  Jong  (1975).  This  approach  might  be  an  alternative  to  the 
population-sizing  schemes  described  in  this  dissertation. 

9.4.5  Expected  Waiting  Times 

An  exciting  area  of  future  research  is  the  ability  to  compute  the  expected  waiting 
time  to  see  a particular  solution.  The  details  for  computing  the  expected  waiting  times 
are  provided  in  Chapter  4.  However,  as  the  length  of  the  strings  used  in  the  GA 
operations  becomes  larger,  the  most  computationally  time-consuming  these  computations 
become.  The  string  length  of  twenty  for  the  particular  task  in  this  dissertation  makes  the 


' For  a survey  of  the  more  common  selection  operators  see  Goldberg  (1989)  and  Mitchell  (1996).  An  in 
depth  treatment  is  given  in  Vose  (1998). 


computation  of  expected  waiting  times  particularly  difficult.  An  exploration  of  this 
problem  is  given  in  Koehler  (1997).  The  most  useful  aspect  of  computing  the  expected 
waiting  time  to  see  a particular  solution  is  to  examine  the  effects  of  different  GDSS 
variables  and  settings  to  the  expected  time  to  see  particular  solutions.  Many  different 
configurations  of  GDSS  could  then  be  tested  and  compared  before  taking  these  results  to 
human  laboratory  and  field,  saving  time  and  expense. 

9.5  Future  Directions  in  Group  Support  Research 

In  addition  to  looking  at  enhancements  to  our  model,  there  are  also  several 
extensions  to  this  research  that  examine  more  complex  GDSS  settings.  This  model  could 
be  extended  to  cover  other  group  tasks  and  incentive  structures  than  the  ones  presented  in 
this  research.  Extensions  to  the  model  for  group  work  in  general  and  group  work 
between  meetings  (Satzinger  and  Olfman,  1995)  are  also  feasible.  Jessup  and  Valacich 
(1993)  call  for  the  extension  of  group  support  systems  to  “Any  Time  / Any  Place”  where 
groups  are  supported  wherever  the  group  members  might  be  located.  Ideas  of  interest  to 
GDSS  researchers  include  but  are  not  limited  to  extensions  to  supply  chain  management 
meetings  (see  Section  9.5.1),  virtual  organizations  (see  Section  9.5.2)  and  GA-enhanced 
GDSS  (see  Section  9.5.3). 

9,5.1  Supply  Chain  Management 

Managing  meetings  across  the  supply  chain  is  another  area  of  research  capturing 
the  interest  of  many  MIS  researchers.  An  interesting  extension  of  this  work  would  be  to 
examine  meetings  where  participants  are  not  from  the  same  organization  but  are  from 
organizations  working  together  to  deliver  a unified  product  to  consumers. 
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9.5.2  Virtual  Organizations 

Many  organizations  are  beginning  to  exist  only  in  a virtual  sense.  There  is  no 
physical  sense  of  the  organization,  just  an  evolving  network  of  groups  and  individuals 
coming  together  for  a specific  purpose  and  disbanded  once  the  objectives  of  the  task  have 
been  met.  Other  researchers  point  to  the  growing  presence  of  global  network 
organizations,  where  groups  are  formed  within  and  across  organizational  boundaries  in 
order  to  address  and  solve  problems  with  speed  and  flexibility  (Jarvenpaa  and  Ives, 

1 994).  The  meetings  of  such  groups  have  their  own  special  social  and  psychological 
aspects  that  have  not  yet  been  thoroughly  studied.  However,  given  the  adaptive  and 
flexible  nature  of  evolutionary  algorithms  such  as  the  GA,  we  feel  our  framework  is  well- 
suited  to  studying  such  meetings. 

9.5.3  GA-Enhanced  GDSS 

One  exciting  possibility  for  this  research  is  the  potential  to  incorporate  genetic 
algorithms  into  group  decision  support  systems.  We  envision  a genetic  algorithm 
working  on  the  same  problems  the  GDSS  users  are  addressing.  The  GA  would  interact 
with  meeting  participants,  acting  to  “alert’'  the  participants  to  better  solutions.  We  do  not 
see  the  taking  over  of  group  meetings  by  a GA  as  the  meeting  participants  can  choose 
to  ignore  the  suggestions  made  by  the  system.  For  example,  assume  a situation  where  the 
most  optimal  solution  according  to  the  fitness  function  used  by  the  GA  is  to  instantly 
respond  to  a competitor's  action  in  a particular  market.  There  realistically  might  not  be 
enough  time  to  act  by  the  group.  Most  realistic  organizational  situations  require  the 
common  sense  aspect  brought  by  the  human  decision-makers.  Thus  the  GA  would  foster 
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the  decision-making  process  within  certain  bounds.  We  feel  this  idea  is  one  of  the  most 
interesting  potential  impacts  of  this  research  project. 

9.6  Conclusions 

We  have  summarized  our  conclusions  regarding  whether  or  not  groups  using 
GDSS  act  like  GAs.  Our  results  indicate  that  in  particular  situations,  groups  do  act  like  a 
genetic  algorithm.  Several  avenues  for  future  clarification  and  exploration  have  been 
discussed.  We  have  also  presented  the  limitations  that  accompanied  this  research  project. 
Finally,  we  presented  some  of  the  exciting  opportunities  for  continuing  this  research 
project  within  both  the  arenas  of  genetic  algorithm  research  and  group  work. 


APPENDIX  A 
SUMMARY  DATA 

Note  that  in  the  heading  for  each  table,  Grp_#  refers  to  the  numerical  label  for 
each  group.  M_ID  is  the  manager  identification,  where  M = Marketing,  P = Production 
and  W = Purchasing.  Ordl  - Ord8  denote  the  set  of  orders  that  are  to  be  filled,  not 
necessarily  in  any  particular  order.  Note  that  the  entry  in  the  Ord#  field  is  the  number  of 
the  customer  order  that  is  to  be  filled.  Effl  - Eff8  are  the  effort  levels  that  correspond  to 
the  orders  that  are  to  be  filled.  As  stated  previously,  effort  levels  can  range  from  1 - 4. 
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Table  A.l : Leader-Directed  CMC  Groups  with  Global  Incentive:  Final  Solutions 

Adopted/Proposed  by  Departments 


Grp 

# 

M 

ID 

Ord 

1 

Eff 

1 

Ord 

2 

Eff 

2 

Ord 

3 

Eff 

3 

Ord 

4 

Eff 

4 

Ord 

5 

Eff 

5 

Ord 

6 

Eff 

6 

Ord 

7 

Eff 

7 

Ord 

8 

Eff 

8 

6 

P 

1 

1 

4 

1 

7 

1 

10 

1 

13 

1 

18 

1 

19 

1 

6 

1V1 

1 

1 

4 

1 

7 

1 

10 

1 

13 

2 

18 

1 

19 

1 

6 

w 

1 

1 

4 

1 

7 

1 

10 

1 

13 

1 

18 

1 

19 

1 

7 

p 

4 

1 

7 

2 

8 

3 

10 

1 

19 

1 

20 

3 

7 

M 

4 

2 

7 

3 

8 

1 

10 

1 

19 

3 

20 

2 

7 

w 

4 

1 

/ 

1 

8 

1 

10 

1 

19 

1 

20 

1 

15 

p 

3 

1 

7 

1 

10 

1 

12 

1 

13 

2 

14 

1 

19 

1 

20 

1 

15 

M 

3 

1 

7 

1 

10 

1 

12 

1 

13 

1 

14 

1 

19 

1 

20 

2 

15 

W 

3 

1 

7 

1 

10 

1 

12 

1 

13 

1 

14 

1 

19 

1 

20 

1 

27 

1V1 

3 

1 

|7 

2 

8 

1 

10 

2 

14 

2 

19 

3 

20 

1 

27 

w 

3 

1 

7 

1 

8 

1 

10 

2 

19 

2 

20 

2 

27 

p 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

33 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

33 

w 

3 

1 

7 

2 

8 

1 

10 

2 

14 

1 

19 

2 

20 

1 

33 

M 

3 

/ 

1 

8 

1 

10 

1 

14 

1 

19 

20 

43 

3 

/ 

1 

8 

10 

1 

14 

1 

19 

20 

43 

VI 

3 

/ 

1 

8 

10 

1 

14 

1 

19 

20 

43 

w 

3 

/ 

1 

8 

10 

1 

14 

1 

19 

20 

Source:  Barkhi,  1995 
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Table  A.2:  Leader-Directed  CMC  Groups  with  Local  Incentive:  Final  Solutions 

Adopted/Proposed  by  Leaders 


Grp_# 

M 

ID 

Ordl 

Effl 

Ord2 

Eff2 

Ord3 

Effi 

Ord4 

Eff4 

Ord5 

Eff5 

Ord6 

Eff6 

4 

M 

2 

7 

1 

10 

2 

13 

1 

14 

4 

19 

4 

4 

W 

3 

2 

7 

3 

10 

1 

13 

1 

14 

4 

19 

4 

4 

P 

3 

3 

7 

2 

10 

1 

13 

1 

14 

2 

19 

2 

22 

M 

7 

1 

13 

1 

16 

4 

22 

w 

7 

3 

13 

1 

16 

3 

22 

p 

1 

2 

13 

1 

16 

4 

41 

p 

1 

2 

6 

3 

16 

4 

41 

M 

1 

2 

6 

2 

16 

4 

41 

W 

IF 

3 

6 

4 

16 

3 

42 

M 

6 

2 

16 

4 

18 

4 

42 

P 

6 

3 

16 

4 

18 

4 

42 

W 

6 

1 

16 

4 

18 

1 

45 

M 

13 

1 

16 

4 

20 

1 

45 

W 

13 

1 

16 

3 

20 

4 

45 

P 

13 

1 

16 

4 

20 

4 

47 

P 

6 

3 

16 

4 

18 

4 

47 

w 

6 

2 

16 

4 

18 

4 

47 

M 

6 

2 

16 

4 

18 

2 

Source:  Barkhi,  1995 
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Table  A. 3:  Leader-Directed  CMC  Groups  with  Local  Incentive  Final  Solutions 
Adopted/Proposed  by  Departments 


Grp_# 

M 

ID 

Ordl 

Effl 

Ord2 

Eff2 

Ord3 

Eff3 

Ord4 

Eff4 

Ord5 

Eff5 

Ord6 

Eff6 

4 

M 

3 

2 

7 

1 

10 

2 

13 

1 

14 

4 

19 

4 

4 

W 

•*5 

2 

7 

3 

10 

1 

13 

1 

14 

4 

19 

4 

4 

P 

3 

3 

7 

2 

10 

1 

13 

1 

14 

2 

19 

2 

22 

M 

7 

1 

13 

1 

16 

4 

22 

W 

7 

3 

13 

1 

16 

3 

22 

P 

7 

2 

13 

1 

16 

4 

41 

P 

1 

2 

6 

3 

16 

4 

41 

M 

1 

2 

6 

2 

16 

4 

41 

W 

1 

3 

6 

4 

16 

3 

42 

M 

6 

2 

16 

4 

18 

4 

42 

T 

6 

16 

4 

18 

4 

42 

W 

6 

1 

16 

4 

18 

1 

45 

M 

13 

1 

16 

4 

20 

1 

45 

W 

13 

1 

16 

3 

20 

4 

45 

P 

13 

1 

16 

4 

20 

4 

47 

P 

6 

16 

4 

18 

4 

47 

W 

6 

2 

16 

4 

18 

4 

47 

M 

6 

2 

16 

4 

18 

2 

Source:  Barkhi,  1995 


Table  A. 4:  Leader  Directed  CMC  Groups  with  Local  Incentive  Final  Solutions 

Adopted/Proposed  by  Leaders 


Grp_# 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

4 

3 

7 

10 

13 

14 

19 

22 

7 

13 

16 

41 

7 

11 

12 

18 

19 

20 

42 

16 

6 

18 

45 

13 

16 

20 

47 

6 

16 

18 

Source:  Barkhi,  1995 
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Table  A. 5.  Democratic  Groups  with  CMC  Channel  and  Local  Incentive  Final  Solutions 

Adopted/Proposed  by  Departments 


Grp  _# 

M 

ID 

Ord 

1 

Eff 

1 

Ord 

2 

Eff 

2 

Ord 

3 

Eff 

3 

Ord 

4 

Eff 

4 

Ord 

5 

Eff 

5 

Ord 

6 

Eff 

6 

Ord 

7 

Eff 

7 

2 

P 

3 

3 

4 

2 

12 

4 

15 

4 

19 

2 

2 

M 

2 

3 

2 

4 

3 

12 

2 

15 

1 

19 

4 

2 

W 

3 

3 

2 

4 

2 

12 

4 

15 

4 

19 

4 

3 

M 

6 

2 

7 

16 

3 

P 

6 

3 

7 

2 

16 

3 

W 

6 

1 

7 

3 

16 

3 

5 

P 

3 

3 

4 

2 

6 

3 

12 

4 

13 

1 

17 

4 

18 

4 

5 

w 

3 

2 

4 

2 

6 

1 

12 

4 

13 

1 

17 

4 

18 

1 

5 

M 

3 

2 

4 

3 

6 

2 

12 

2 

13 

1 

17 

4 

18 

4 

8 

W 

3 

2 

4 

2 

12 

4 

15 

4 

17 

4 

18 

1 

8 

P 

3 

3 

4 

2 

12 

4 

15 

4 

17 

1 

18 

4 

8 

M 

3 

2 

4 

3 

12 

2 

15 

1 

17 

4 

18 

4 

12 

M 

1 

2 

16 

4 

12 

P 

1 

1 

16 

4 

12 

w 

1 

3 

16 

3 

23 

W 

6 

1 

10 

1 

16 

3 

20 

4 

23 

3 

6 

3 

10 

1 

16 

4 

20 

4 

23 

M 

6 

2 

10 

2 

16 

4 

20 

1 

24 

3 

1 

1 

4 

2 

12 

4 

13 

1 

17 

1 

18 

4 

24 

M 

1 

2 

4 

3 

12 

2 

13 

1 

17 

4 

18 

4 

24 

W 

1 

3 

4 

2 

13 

1 

17 

4 

12 

4 

18 

1 

46 

M 

1 

2 

3 

2 

4 

3 

12 

2 

17 

4 

46 

3 

1 

1 

3 

3 

4 

2 

12 

2 

17 

1 

46 

W 

1 

1 

3 

2 

4 

2 

12 

2 

17 

3 

49 

W 

6 

1 

16 

3 

17 

4 

49 

M 

6 

2 

16 

4 

17 

4 

49 

P 

6 

3 

16 

4 

17 

1 

Source:  Barkhi,  1995 
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Table  A. 6:  Democratic  Groups  with  CMC  Channel  and  Global  Incentive  Final  Solutions 

Adopted/Proposed  by  Departments 


Grp 

# 

M 

ID 

Ord 

1 

Eff 

1 

Ord 

2 

Eff 

2 

Ord 

Eff 

3 

Ord 

4 

Eff 

4 

Ord 

5 

Eff 

5 

Ord 

6 

Eff 

6 

Ord 

7 

Eff 

7 

Ord 

8 

Eff 

8 

1 

P 

13 

1 

17 

1 

18 

2 

19 

2 

20 

2 

1 

w 

13 

1 

17 

1 

18 

1 

19 

1 

20 

1 

1 

M 

13 

1 

17 

1 

18 

1 

19 

2 

20 

1 

9 

W 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

9 

P 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

9 

M 

3 

1 

7 

2 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

16 

M 

7 

1 

9 

1 

13 

1 

16 

1 

16 

W 

7 

1 

9 

1 

13 

1 

16 

1 

1 6 

P 

7 

1 

9 

1 

13 

1 

16 

1 

18 

M 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

18 

W 

3 

4 

7 

2 

8 

1 

10 

1 

14 

4 

19 

4 

20 

1 

18 

P 

3 

1 

7 

1 

18 

1 

10 

1 

14 

1 

19 

1 

20 

1 

19 

P 

4 

1 

3 

1 

7 

1 

10 

1 

13 

1 

18 

1 

19 

1 

20 

1 

19 

w 

1 

1 

3 

1 

7 

1 

10 

1 

13 

1 

18 

1 

19 

1 

20 

1 

19 

M 

1 

2 

3 

1 

7 

2 

10 

1 

13 

1 

18 

1 

19 

1 

20 

1 

21 

W 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

21 

P 

3 

2 

7 

2 

8 

1 

10 

2 

14 

2 

19 

2 

20 

1 

21 

M 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

26 

W 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

26 

M 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

26 

D 

3 

1 

7 

2 

8 

1 

10 

2 

14 

2 

19 

20 

50 

M 

1 

1 

3 

1 

7 

1 

10 

1 

13 

1 

17 

19 

20 

1 

50 

W 

1 

1 

3 

1 

7 

1 

10 

1 

*■> 
1 J 

1 

7 

9 

1 

20 

1 

50 

3 

1 

1 

3 

1 

7 

10 

1 

1 J 

1 

17 

19 

1 

20 

1 

Source:  Barkhi,  1995 


Table  A.7:  Leader-Directed  FTF  Groups  with  Global  Incentive  Final  Solutions 

Adopted/Proposed  by  Leaders 
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Grp_# 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

10 

1 

3 

7 

10 

13 

18 

19 

20 

13 

1 

3 

4 

7 

12 

13 

19 

20 

14 

3 

7 

10 

13 

17 

18 

19 

20 

25 

3 

7 

10 

11 

13 

20 

31 

1 

7 

10 

13 

14 

19 

20 

32 

3 

4 

7 

10 

13 

19 

20 

Source:  Barkhi,  1995 
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Table  A.8:  Leader-Directed  FTF  Groups  with  Global  Incentive  Final  Solutions 
Adopted/Proposed  by  Departments 


Grp 

# 

M 

ID 

Ord 

1 

Eff 

1 

Ord 

2 

Eff 

2 

Ord 

3 

Eff 

3 

Ord 

4 

Eff 

4 

Ord 

5 

Eff 

5 

Ord 

6 

Eff 

6 

Ord 

7 

Eff 

7 

Ord 

8 

Eff 

8 

10 

w 

1 

2 

3 

1 

7 

2 

10 

1 

13 

1 

18 

1 

19 

2 

20 

1 

10 

p 

1 

1 

3 

2 

7 

1 

10 

2 

13 

2 

18 

2 

19 

1 

20 

2 

10 

M 

3 

2 

7 

2 

1 

2 

10 

1 

13 

1 

18 

1 

19 

2 

20 

1 

13 

P 

1 

3 

3 

2 

4 

3 

7 

2 

12 

3 

13 

3 

19 

1 

20 

1 

13 

W 

1 

1 

3 

2 

4 

2 

7 

2 

12 

3 

13 

1 

19 

1 

20 

1 

13 

M 

1 

2 

3 

2 

4 

2 

7 

3 

12 

3 

13 

2 

19 

1 

20 

2 

14 

W 

3 

1 

7 

1 

10 

1 

13 

1 

17 

3 

18 

1 

19 

1 

20 

4 

14 

M 

3 

1 

7 

1 

10 

1 

13 

1 

17 

2 

18 

1 

19 

2 

20 

1 

14 

P 

3 

1 

7 

1 

10 

1 

13 

1 

17 

1 

18 

2 

19 

2 

20 

3 

25 

M 

3 

2 

7 

1 

10 

2 

11 

1 

13 

1 

20 

1 

25 

W 

3 

3 

7 

2 

10 

2 

11 

2 

13 

3 

20 

1 

25 

P 

3 

1 

7 

1 

10 

1 

11 

1 

13 

1 

20 

1 

31 

P 

1 

1 

7 

2 

10 

1 

13 

1 

14 

1 

19 

1 

20 

1 

31 

M 

1 

1 

7 

1 

10 

a 

13 

3 

14 

3 

19 

3 

20 

1 

31 

W 

1 

1 

7 

1 

10 

1 

13 

1 

14 

1 

19 

1 

20 

3 

32 

} 

3 

2 

4 

2 

7 

2 

10 

2 

13 

2 

19 

2 

20 

1 

32 

W 

3 

2 

4 

2 

7 

2 

10 

2 

13 

2 

19 

2 

20 

1 

32 

M 

3 

2 

4 

2 

7 

2 

10 

2 

13 

2 

19 

2 

20 

1 

Source:  Barkhi,  1995 


Table  A. 9:  Leader-Directed  FTF  Groups  with  Local  Incentive  Final  Solutions 

Adopted/Proposed  by  Leaders 


Grp  _# 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord  7 

17 

n 

J> 

6 

12 

13 

17 

18 

4 

37 

1 

3 

6 

12 

14 

17 

18 

39 

6 

7 

16 

18 

19 

20 

40 

7 

17 

4 

13 

1 

18 

3 

44 

18 

4 

17 

6 

3 

12 

13 

48 

16 

9 

18 

1 

Source:  Barkhi,  1995 
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Table  A.  10:  Leader-Directed  FTF  Groups  with  Local  Incentive  Final  Solutions 
Adopted/Proposed  by  Departments 


Grp  # 

M I 
D 

Ord 

1 

Eff 

1 

Ord 

2 

Eff 

2 

Ord 

3 

Eff 

3 

Ord 

4 

Eff 

4 

Ord 

5 

Eff 

5 

Ord 

6 

Eff 

6 

Ord 

7 

Eff 

7 

17 

P 

3 

3 

6 

3 

12 

4 

13 

1 

17 

1 

18 

4 

i 

2 

17 

M 

3 

2 

6 

2 

12 

2 

13 

1 

17 

4 

18 

4 

i 

3 

17 

W 

3 

2 

6 

1 

12 

4 

13 

1 

17 

4 

18 

1 

4 

2 

37 

W 

1 

3 

3 

2 

6 

1 

12 

4 

14 

4 

17 

4 

18 

1 

37 

P 

1 

1 

3 

3 

6 

3 

12 

4 

14 

2 

17 

1 

18 

4 

37 

M 

1 

2 

3 

2 

6 

2 

12 

2 

14 

4 

17 

4 

18 

4 

39 

P 

6 

3 

7 

2 

16 

4 

18 

4 

39 

M 

6 

2 

7 

1 

14 

4 

18 

4 

39 

W 

6 

4 

7 

2 

16 

3 

18 

1 

40 

M 

1 

2 

3 

2 

4 

3 

12 

2 

13 

1 

17 

4 

18 

4 

40 

P 

1 

1 

3 

3 

4 

2 

12 

4 

13 

1 

17 

1 

18 

4 

40 

W 

1 

3 

3 

2 

4 

2 

12 

4 

13 

1 

17 

4 

18 

1 

44 

w 

18 

1 

4 

2 

17 

4 

6 

1 

3 

2 

12 

4 

13 

1 

44 

p 

18 

4 

4 

2 

17 

1 

6 

3 

3 

3 

12 

4 

13 

1 

44 

M 

18 

4 

4 

3 

17 

4 

6 

2 

13 

1 

12 

2 

3 

2 

48 

P 

9 

2 

16 

4 

18 

4 

48 

M 

9 

1 

16 

4 

18 

4 

48 

W 

9 

2 

16 

4 

18 

4 

Source:  Barkhi,  1995 
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Table  A.l  1 : Democratic  Groups  with  FTF  Channel  and  Local  Incentive  Final  Solutions 

Adopted/Proposed  by  Leaders 


Grp_# 

M I 
D 

Ord 

1 

Effl 

Ord 

2 

Eff2 

Ord 

3 

EfB 

Ord 

4 

Eff4 

Ord5 

Eff 

5 

Ord 

6 

Eff 

6 

Ord 

7 

Eff 

7 

35 

P 

12 

4 

16 

4 

17 

1 

35 

M 

12 

2 

16 

4 

17 

4 

35 

W 

12 

4 

16 

3 

17 

4 

36 

P 

1 

1 

3 

3 

4 

2 

6 

3 

12 

4 

13 

1 

17 

1 

36 

W 

1 

3 

3 

2 

4 

2 

6 

1 

12 

4 

17 

4 

13 

1 

36 

M 

1 

2 

3 

2 

4 

3 

6 

2 

12 

2 

17 

4 

13 

1 

38 

P 

12 

4 

17 

1 

6 

3 

1 

1 

13 

1 

3 

3 

4 

2 

38 

W 

12 

4 

17 

4 

6 

1 

1 

3 

13 

1 

3 

2 

4 

3 

38 

M 

12 

4 

17 

4 

6 

1 

1 

3 

13 

1 

3 

2 

4 

2 

Source:  Barkhi,  1995 
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Table  A.  12.  Democratic  Groups  with  FTF  Channel  and  Global  Incentive  Final  Solutions 

Adopted/Proposed  by  Department 


Grp 

# 

M I 
D 

Ord 

1 

Eff 

1 

Ord 

2 

Eff 

2 

Ord 

3 

Eff 

3 

Ord 

4 

Eff 

4 

Ord 

5 

Eff 

5 

Ord 

6 

Eff 

6 

Ord 

7 

Eff 

7 

Ord 

8 

Eff 

8 

1 1 

P 

3 

1 

7 

1 

8 

1 

10 

1 

14 

18 

1 

20 

1 

11 

M 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

1 1 

W 

3 

1 

7 

1 

8 

1 

10 

1 

14 

1 

19 

1 

20 

1 

20 

P 

3 

1 

4 

1 

7 

1 

13 

1 

14 

1 

19 

1 

20 

1 

20 

w 

3 

1 

4 

1 

7 

1 

13 

1 

14 

1 

19 

1 

20 

1 

20 

M 

3 

1 

4 

1 

7 

1 

13 

1 

14 

1 

19 

1 

20 

1 

28 

P 

3 

4 

4 

1 

7 

1 

10 

1 

13 

1 

19 

1 

20 

1 

28 

W 

3 

1 

4 

1 

7 

1 

10 

1 

13 

1 

19 

1 

20 

1 

28 

M 

3 

1 

4 

1 

7 

1 

10 

1 

13 

1 

19 

1 

20 

1 

29 

W 

1 

1 

3 

2 

7 

1 

10 

2 

13 

1 

17 

1 

19 

1 

20 

1 

29 

M 

1 

1 

3 

2 

7 

2 

10 

2 

13 

3 

17 

2 

19 

2 

20 

2 

29 

P 

1 

1 

3 

2 

7 

2 

10 

2 

13 

2 

17 

3 

19 

1 

20 

4 

30 

M 

3 

1 

4 

2 

7 

2 

10 

3 

13 

2 

19 

2 

20 

1 

30 

P 

3 

2 

4 

1 

7 

3 

10 

2 

13 

1 

19 

2 

20 

2 

30 

w 

3 

1 

4 

1 

7 

2 

10 

2 

13 

1 

19 

1 

20 

2 

34 

M 

1 

1 

3 

1 

7 

1 

10 

1 

13 

1 

19 

1 

18 

1 

20 

1 

34 

P 

1 

1 

3 

1 

7 

1 

10 

1 

13 

1 

18 

1 

19 

1 

20 

1 

34 

W 

I 

1 

3 

1 

7 

1 

10 

1 

13 

1 

18 

1 

19 

1 

20 

1 

Source:  Barkhi,  1995 


APPENDIX  B 

GROUP  SOLUTION  DATA  / FACE-TO-FACE  GROUPS 


Table  B.l:  Leader-Directed  FTF  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  10 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

P 

1 

3 

7 

10 

13 

17 

19 

W 

1 

2 

3 

M 

3 

7 

8 

10 

14 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

M 

7 

8 

10 

13 

20 

W 

3 

4 

7 

8 

18 

19 

20 

W 

7 

16 

20 

M 

6 

3 

7 

10 

13 

17 

19 

P 

1 

3 

7 

10 

13 

17 

19 

20 

P 

7 

P 

7 

9 

10 

13 

19 

M 

1 

3 

6 

7 

12 

13 

17 

18 

W 

1 

7 

9 

13 

20 

M 

3 

7 

10 

13 

17 

19 

W 

3 

6 

7 

10 

12 

13 

18 

19 

W 

3 

6 

7 

10 

12 

13 

18 

19 

M 

7 

11 

16 

20 

L 

1 

3 

7 

10 

18 

19 

20 

W 

1 

7 

14 

18 

19 

20 

Source:  Barkhi,  1995 
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Table  B.2:  Leader-Directed  FTF  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  13 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

P 

7 

10 

13 

14 

17 

19 

20 

L 

3 

7 

8 

10 

14 

19 

20 

M 

3 

7 

12 

14 

16 

19 

20 

L 

1 

O 

7 

11 

19 

20 

M 

7 

10 

13 

14 

17 

19 

20 

P 

7 

16 

P 

1 

3 

7 

10 

13 

19 

20 

Source:  Barkhi,  1995 


Table  B.3:  Leader-Directed  FTF  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  14 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

3 

7 

8 

10 

14 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

M 

4 

7 

8 

10 

19 

20 

L 

3 

7 

8 

10 

19 

20 

L 

3 

7 

8 

10 

14 

19 

20 

W 

3 

6 

7 

8 

10 

13 

W 

3 

7 

8 

10 

14 

19 

20 

L 

3 

7 

10 

11 

13 

19 

L 

3 

7 

10 

12 

13 

14 

19 

20 

L 

3 

7 

10 

11 

13 

19 

W 

7 

10 

13 

14 

18 

19 

20 

P 

1 

7 

10 

13 

14 

19 

20 

P 

1 

7 

10 

13 

14 

19 

20 

L 

4 

7 

8 

10 

19 

20 

L 

1 

3 

7 

10 

13 

18 

19 

20 

P 

3 

4 

7 

10 

13 

19 

20 

W 

1 

6 

7 

13 

18 

19 

20 

L 

3 

7 

10 

13 

17 

18 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

M 

3 

6 

8 

10 

13 

14 

Source:  Barkhi,  1995 
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Table  B.4.  Leader-Directed  FTF  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  25 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

4 

7 

8 

10 

19 

20 

P 

9 

16 

19 

W 

7 

3 

4 

10 

13 

18 

19 

M 

3 

4 

7 

8 

10 

13 

P 

7 

9 

10 

13 

19 

W 

3 

4 

7 

10 

13 

18 

M 

3 

7 

10 

11 

13 

20 

L 

3 

7 

10 

11 

13 

20 

P 

7 

9 

10 

13 

19 

L 

n 

7 

8 

10 

14 

19 

20 

L 

3 

7 

8 

10 

14 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

L 

3 

4 

7 

10 

13 

18 

L 

3 

7 

10 

12 

13 

14 

19 

20 

Source:  Barkhi,  1995 


Table  B.5.  Leader-Directed  FTF  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  3 1 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

M 

3 

7 

8 

10 

14 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

W 

1 

7 

10 

13 

14 

19 

20 

M 

1 

7 

10 

13 

14 

19 

20 

P 

1 

7 

10 

13 

14 

19 

20 

Source:  Barkhi,  1995 
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Table  B.6:  Leader-Directed  FTF  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  32 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

W 

1 

3 

7 

10 

13 

18 

19 

20 

M 

3 

7 

8 

P 

1 

3 

7 

10 

13 

17 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

M 

1 

7 

10 

13 

14 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

P 

3 

4 

7 

10 

13 

19 

20 

W 

1 

3 

4 

7 

13 

19 

20 

M 

3 

4 

7 

10 

13 

19 

20 

L 

3 

7 

10 

12 

13 

14 

19 

20 

M 

3 

4 

7 

10 

13 

19 

20 

Source:  Barkhi,  1995 


Table  B.7:  Leader-Directed  FTF  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  17 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

1 

3 

7 

10 

13 

17 

19 

20 

M 

li 

6 

10 

13 

15 

M 

1 

3 

4 

10 

12 

13 

17 

P 

9 

12 

16 

17 

1 

4 

W 

3 

6 

7 

12 

13 

17 

18 

20 

L 

12 

P 

16 

11 

6 

Source:  Barkhi,  1995 
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Table  B.8:  Leader-Directed  FTF  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  37 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

3 

6 

9 

12 

P 

9 

12 

16 

17 

M 

1 

3 

4 

10 

12 

13 

17 

w 

3 

6 

7 

12 

13 

17 

18 

20 

L 

3 

7 

8 

10 

14 

19 

20 

L 

9 

12 

16 

17 

w 

3 

6 

7 

12 

13 

17 

18 

20 

L 

17 

12 

3 

L 

3 

7 

12 

13 

17 

P 

3 

12 

13 

17 

M 

12 

16 

17 

L 

16 

L 

3 

7 

12 

14 

17 

18 

19 

20 

L 

3 

12 

14 

17 

18 

19 

20 

Source:  Barkhi,  1995 
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Table  B.9:  Leader-Directed  FTF  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  39 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

1 

3 

4 

10 

12 

13 

17 

W 

3 

4 

7 

12 

13 

17 

18 

20 

M 

1 

3 

4 

10 

12 

13 

17 

P 

9 

12 

16 

17 

L 

37 

L 

3 

7 

8 

10 

14 

19 

20 

L 

3 

7 

11 

18 

19 

20 

L 

2 

5 

7 

9 

11 

16 

19 

20 

L 

3 

7 

12 

13 

L 

3 

7 

8 

10 

14 

19 

M 

3 

4 

10 

12 

M 

3 

6 

16 

M 

6 

16 

18 

M 

6 

7 

16 

18 

Source:  Barkhi,  1995 


Table  B.10:  Leader-Directed  FTF  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  40 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

4 

6 

13 

15 

P 

9 

12 

16 

17 

W 

3 

6 

7 

12 

13 

17 

18 

20 

L 

3 

7 

8 

10 

14 

19 

20 

M 

1 

3 

4 

10 

12 

13 

17 

M 

4 

12 

13 

16 

17 

P 

12 

16 

17 

4 

13 

W 

17 

16 

4 

12 

18 

6 

7 

3 

L 

12 

17 

4 

13 

1 

18 

3 

Source:  Barkhi,  1995 
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Table  B.l  1:  Leader-Directed  FTF  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  44 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

1 

3 

10 

13 

15 

P 

9 

12 

16 

17 

M 

1 

3 

4 

10 

12 

13 

17 

W 

1 

3 

7 

10 

13 

18 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

M 

1 

3 

4 

10 

12 

13 

17 

L 

3 

7 

8 

10 

14 

19 

20 

W 

3 

7 

10 

17 

12 

w 

2 

3 

10 

13 

17 

20 

12 

L 

7 

11 

12 

14 

18 

20 

P 

1 

3 

10 

12 

13 

17 

M 

3 

7 

10 

17 

12 

W 

20 

16 

7 

18 

L 

11 

18 

L 

18 

19 

17 

6 

13 

12 

3 

7 

Source:  Barkhi,  1995 
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Table  B.12:  Leader-Directed  FTF  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  48 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

P 

9 

12 

16 

17 

W 

3 

6 

7 

12 

13 

17 

18 

20 

M 

3 

12 

13 

17 

L 

3 

7 

11 

18 

19 

20 

L 

3 

7 

11 

14 

18 

19 

M 

3 

4 

6 

12 

13 

17 

L 

16 

p 

9 

12 

16 

17 

Source:  Barkhi,  1995 


Table  B.13:  Democratic  FTF  Groups  under  Local  Incentive  from  Group  35 


Prop  By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

Ord9 

OrdlO 

M 

1 

4 

12 

16 

17 

P 

1 

4 

12 

16 

17 

w 

1 

4 

12 

16 

17 

w 

1 

3 

4 

7 

12 

15 

16 

17 

18 

20 

Source:  Barkhi,  1995 


Note:  Group  36  data  was  omitted  due  to  errors. 


Table  B.14:  Democratic  FTF  Groups  under  Local  Incentive  from  Group  38 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

1 

3 

4 

10 

12 

13 

17 

W 

3 

6 

7 

12 

13 

17 

18 

20 

P 

9 

12 

16 

17 

Source:  Barkhi,  1995 
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Table  B.15:  Democratic  FTF  Groups  under  Global  Incentive  from  Group  1 1 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

P 

7 

10 

13 

14 

17 

19 

20 

W 

3 

4 

7 

8 

18 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

W 

4 

W 

3 

4 

7 

8 

18 

19 

20 

Source:  Barkhi,  1995 


Table  B.16:  Democratic  FTF  Groups  under  Global  Incentive  from  Group  20 


Prop  By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

P 

1 

7 

10 

13 

14 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

M 

1 

7 

10 

13 

14 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

P 

3 

5 

7 

10 

14 

17 

M 

1 

3 

7 

10 

13 

17 

19 

20 

P 

3 

7 

10 

13 

17 

19 

P 

1 

3 

7 

10 

13 

17 

19 

20 

W 

4 

7 

13 

14 

19 

20 

W 

3 

4 

7 

13 

14 

19 

20 

P 

3 

4 

7 

13 

14 

19 

20 

M 

3 

4 

7 

10 

13 

19 

20 

M 

3 

4 

7 

13 

14 

19 

20 

Source:  Barkhi,  1995 
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Table  B.17.  Democratic  FTF  Groups  under  Global  Incentive  from  Group  28 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

M 

3 

7 

8 

10 

14 

19 

20 

P 

2 

5 

8 

10 

16 

P 

1 

6 

10 

20 

15 

8 

P 

2 

5 

8 

9 

11 

16 

19 

P 

2 

5 

9 

16 

19 

M 

3 

7 

8 

10 

14 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

M 

3 

7 

19 

20 

18 

8 

Source:  Barkhi,  1995 


Table  B.18:  Democratic  FTF  Groups  under  Global  Incentive  from  Group  29 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

3 

7 

8 

10 

14 

19 

20 

W 

3 

4 

7 

10 

13 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

M 

3 

7 

10 

13 

17 

18 

19 

20 

P 

7 

10 

13 

18 

19 

20 

W 

7 

10 

13 

18 

19 

20 

M 

7 

10 

13 

18 

19 

20 

w 

1 

3 

7 

10 

13 

17 

19 

20 

Source:  Barkhi,  1995 


Table  B.19:  Democratic  FTF  Groups  under  Global  Incentive  from  Group  30 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

M 

3 

7 

8 

10 

14 

19 

20 

M 

7 

10 

19 

13 

20 

14 

Source:  Barkhi,  1995 
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Table  B.20:  Democratic  FTF  Groups  under  Global  Incentive  from  Group  34 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

P 

3 

4 

7 

17 

19 

20 

W 

3 

7 

10 

13 

20 

M 

3 

7 

10 

13 

20 

M 

3 

7 

10 

11 

13 

20 

W 

3 

7 

10 

13 

20 

6 

18 

M 

3 

7 

10 

11 

13 

20 

M 

6 

7 

10 

W 

1 

3 

7 

10 

19 

20 

13 

P 

1 

3 

7 

10 

13 

19 

20 

M 

1 

3 

7 

10 

19 

20 

13 

P 

1 

3 

7 

10 

13 

18 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

M 

1 

3 

7 

10 

13 

20 

18 

19 

Source:  Barkhi,  1995 


APPENDIX  C 

GROUP  SOLUTION  DATA  / DISTRIBUTED  GROUPS 


Table  C.l : Leader-Directed  CMC  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  7 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

3 

8 

10 

14 

19 

20 

L 

3 

7 

8 

10 

14 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

M 

3 

4 

7 

8 

10 

13 

P 

7 

9 

10 

13 

19 

M 

4 

7 

8 

10 

19 

20 

P 

4 

3 

8 

10 

19 

20 

M 

20 

19 

10 

3 

4 

8 

7 

M 

4 

7 

8 

10 

19 

20 

P 

4 

7 

8 

10 

19 

20 

W 

4 

7 

8 

10 

19 

20 

L 

3 

7 

8 

10 

14 

19 

20 

M 

3 

7 

8 

10 

19 

20 

M 

4 

7 

8 

10 

19 

20 

L 

4 

7 

8 

10 

19 

20 

Source:  Barkhi,  1995 
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Table  C.2:  Leader-Directed  CMC  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  15 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

Ord9 

M 

4 

7 

8 

10 

19 

20 

L 

3 

7 

8 

10 

14 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

L 

3 

7 

8 

10 

14 

19 

20 

L 

5 

7 

8 

10 

14 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

M 

3 

7 

10 

12 

13 

14 

19 

20 

P 

3 

7 

10 

14 

19 

20 

L 

3 

7 

10 

12 

13 

14 

18 

19 

20 

P 

3 

7 

10 

12 

13 

14 

19 

20 

W 

3 

7 

10 

12 

13 

14 

19 

20 

P 

3 

7 

10 

12 

13 

14 

19 

20 

Source:  Barkhi,  1995 


Table  C.3:  Leader-Directed  CMC  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  27 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

3 

7 

8 

10 

14 

19 

20 

W 

4 

5 

6 

7 

18 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

W 

3 

4 

7 

8 

10 

20 

w 

7 

9 

13 

16 

M 

4 

7 

8 

10 

19 

20 

M 

3 

7 

8 

10 

Source:  Barkhi,  1995 
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Table  C.4:  Leader-Directed  CMC  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  33 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

Ord9 

OrdlO 

L 

2 

5 

7 

8 

11 

16 

9 

10 

20 

19 

P 

2 

5 

7 

8 

11 

L 

3 

7 

8 

10 

14 

19 

20 

p 

1 

3 

7 

10 

13 

17 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

L 

1 

3 

6 

7 

9 

12 

13 

14 

17 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

L 

2 

5 

7 

P 

1 

3 

7 

10 

13 

17 

19 

20 

L 

3 

7 

8 

10 

19 

20 

Source:  Barkhi,  1995 
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Table  C.5.  Leader-Directed  CMC  Groups  with  Global  Incentive  Ordered  Solutions  from 

Group  43 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

Ord9 

OrdlO 

L 

3 

7 

8 

10 

14 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

P 

3 

7 

8 

10 

14 

19 

20 

L 

3 

7 

10 

19 

20 

2 

7 

17 

16 

L 

3 

7 

10 

19 

20 

2 

8 

14 

M 

3 

7 

10 

19 

20 

8 

14 

L 

3 

7 

10 

19 

20 

8 

14 

P 

3 

7 

8 

10 

14 

19 

20 

W 

3 

7 

10 

8 

14 

19 

20 

L 

7 

8 

10 

16 

17 

19 

20 

L 

3 

5 

7 

9 

10 

19 

20 

L 

1 

3 

7 

10 

13 

17 

19 

20 

P 

3 

7 

10 

17 

19 

20 

13 

L 

3 

7 

8 

9 

10 

14 

19 

20 

L 

3 

7 

8 

9 

10 

19 

20 

L 

1 

3 

7 

8 

10 

14 

19 

20 

L 

3 

6 

7 

8 

10 

14 

19 

20 

L 

4 

7 

8 

10 

14 

19 

20 

L 

3 

7 

10 

14 

16 

19 

20 

L 

3 

7 

10 

14 

16 

19 

Source:  Barkhi,  1995 
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Table  C.6.  Leader-Directed  CMC  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  4 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

Ord9 

OrdlO 

L 

3 

7 

8 

10 

14 

19 

20 

M 

16 

10 

2 

4 

8 

15 

1 

5 

6 

13 

L 

6 

9 

11 

15 

16 

W 

3 

6 

7 

12 

13 

17 

18 

20 

P 

9 

12 

16 

17 

L 

7 

8 

11 

13 

15 

19 

L 

12 

14 

15 

17 

20 

L 

3 

10 

18 

19 

20 

3 

M 

1 

3 

4 

10 

12 

13 

17 

L 

7 

8 

11 

13 

15 

17 

W 

1 

3 

4 

10 

12 

13 

17 

L 

7 

L 

2 

4 

5 

7 

13 

19 

W 

3 

7 

12 

13 

17 

20 

P 

1 

3 

6 

13 

14 

17 

19 

L 

17 

W 

3 

6 

10 

12 

13 

17 

18 

L 

2 

6 

9 

10 

13 

14 

15 

W 

3 

10 

13 

17 

18 

20 

L 

3 

7 

10 

14 

17 

20 

P 

1 

3 

12 

13 

16 

17 

P 

1 

3 

12 

13 

17 

19 

Source:  Barkhi,  1995 
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Table  C.7:  Leader-Directed  CMC  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  22 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

W 

12 

13 

15 

16 

17 

18 

20 

L 

3 

7 

8 

10 

14 

19 

20 

W 

16 

18 

20 

M 

1 

6 

12 

13 

15 

17 

P 

9 

12 

16 

17 

M 

1 

3 

4 

10 

12 

13 

17 

P 

9 

12 

16 

17 

M 

1 

3 

4 

12 

13 

17 

M 

1 

3 

4 

M 

1 

3 

4 

10 

12 

13 

17 

W 

1 

3 

4 

12 

13 

17 

7 

L 

3 

5 

7 

10 

19 

20 

W 

1 

3 

4 

7 

12 

17 

L 

3 

7 

8 

10 

14 

19 

20 

Source:  Barkhi,  1995 
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Table  C.8:  Leader-Directed  CMC  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  4 1 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

Ord9 

OrdlO 

M 

1 

6 

10 

13 

15 

W 

1 

3 

3 

4 

6 

7 

P 

9 

12 

16 

17 

W 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

w 

3 

4 

12 

13 

17 

18 

20 

w 

3 

4 

12 

13 

17 

18 

20 

L 

7 

19 

11 

W 

5 

5 

5 

5 

5 

5 

L 

7 

19 

11 

w 

1 

3 

4 

6 

7 

11 

12 

13 

15 

16 

M 

1 

6 

10 

13 

15 

W 

3 

4 

7 

12 

13 

17 

18 

20 

M 

1 

6 

16 

P 

1 

6 

16 

W 

1 

6 

16 

Source:  Barkhi,  1995 
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Table  C.9.  Leader-Directed  CMC  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  42 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

W 

3 

6 

7 

12 

13 

17 

18 

20 

M 

1 

3 

4 

10 

12 

13 

17 

P 

9 

17 

12 

16 

P 

9 

12 

16 

17 

L 

11 

16 

17 

12 

20 

P 

9 

16 

17 

12 

M 

16 

12 

L 

7 

3 

10 

12 

13 

14 

19 

20 

W 

6 

7 

18 

16 

20 

P 

3 

7 

10 

12 

13 

14 

19 

20 

M 

16 

6 

18 

Source:  Barkhi,  1995 


Table  C.10:  Leader-Directed  CMC  Groups  with  Local  Incentive  Ordered  Solutions  from 

Group  45 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

Ord9 

OrdlO 

W 

3 

6 

7 

12 

13 

17 

18 

20 

w 

3 

6 

7 

12 

13 

17 

18 

20 

M 

1 

3 

4 

10 

12 

13 

17 

P 

9 

12 

16 

17 

W 

2 

6 

7 

12 

13 

17 

18 

20 

W 

2 

3 

6 

7 

12 

13 

17 

18 

20 

M 

2 

3 

4 

10 

11 

15 

16 

19 

20 

W 

3 

17 

12 

13 

P 

3 

6 

7 

8 

10 

14 

18 

20 

w 

20 

18 

16 

7 

3 

4 

6 

15 

17 

12 

L 

3 

6 

7 

10 

12 

17 

18 

20 

W 

6 

7 

12 

17 

20 

18 

3 

w 

3 

7 

11 

12 

6 

18 

19 

20 

Source:  Barkhi,  1995 
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Table  C.  1 1 : Leader-Directed  CMC  Groups  with  Local  Incentive  Ordered  Solution  from 

Group  47 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

P 

1 

P 

9 

12 

16 

17 

M 

1 

3 

4 

10 

12 

13 

17 

L 

3 

7 

8 

10 

14 

19 

20 

w 

3 

4 

7 

12 

13 

17 

18 

L 

7 

10 

11 

19 

20 

L 

3 

7 

8 

10 

14 

19 

20 

L 

3 

7 

12 

14 

17 

18 

19 

20 

W 

3 

4 

7 

12 

13 

17 

18 

20 

P 

9 

16 

19 

20 

M 

1 

7 

,6 

6 

Source:  Barkhi,  1995 


Table  C.12:  Democratic  Distributed  Groups  under  Global  Incentive  from  Group 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

P 

1 

3 

6 

W 

1 

5 

W 

1 

3 

5 

7 

9 

w 

7 

6 

2 

16 

20 

M 

19 

18 

11 

8 

P 

8 

15 

18 

5 

1 

4 

W 

7 

6 

16 

20 

17 

M 

4 

11 

13 

17 

19 

W 

4 

11 

13 

17 

19 

P 

4 

11 

13 

17 

19 

18 

P 

4 

11 

13 

17 

19 

P 

3 

11 

13 

17 

19 

w 

1 

3 

4 

7 

13 

19 

20 

w 

4 

11 

13 

17 

7 

p 

4 

11 

13 

17 

19 

p 

4 

11 

13 

17 

7 

w 

1 

10 

13 

18 

19 

20 

p 

4 

11 

13 

17 

19 

p 

4 

11 

13 

17 

19 

w 

4 

11 

13 

17 

19 

p 

4 

11 

13 

17 

19 

w 

13 

17 

18 

19 

20 

p 

13 

17 

18 

19 

20 

p 

13 

17 

18 

19 

20 

Source:  Barkhi,  1995 
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Table  C.13:  Democratic  Distributed  Groups  under  Global  Incentive  from  Group  9 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

Ord9 

OrdlO 

P 

1 

7 

10 

13 

17 

19 

20 

W 

1 

2 

3 

4 

4 

5 

7 

8 

9 

10 

M 

3 

7 

8 

10 

14 

19 

20 

M 

2 

4 

5 

10 

19 

20 

P 

2 

5 

6 

7 

M 

3 

7 

10 

12 

13 

18 

19 

20 

M 

3 

7 

10 

12 

13 

18 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

W 

3 

7 

8 

10 

14 

19 

20 

M 

1 

3 

7 

10 

17 

19 

20 

M 

5 

7 

10 

14 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

Source:  Barkhi,  1995 


Table  C.14.  Democratic  Distributed  Groups  under  Global  Incentive  from  Group  16 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

3 

7 

8 

10 

14 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

M 

4 

7 

10 

19 

20 

8 

M 

7 

10 

13 

19 

20 

3 

W 

7 

9 

13 

16 

Source:  Barkhi,  1995 
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Table  C.15:  Democratic  Distributed  Groups  under  Global  Incentive  from  Group  18 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

W 

1 

3 

7 

10 

13 

18 

19 

20 

P 

3 

4 

7 

14 

M 

3 

7 

8 

10 

14 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

M 

3 

4 

7 

8 

10 

19 

W 

3 

7 

8 

10 

14 

19 

20 

Source:  Barkhi,  1995 


Table  C.16:  Democratic  Distributed  Groups  under  Global  Incentive  from  Group  19 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

3 

7 

10 

14 

19 

20 

P 

3 

7 

10 

14 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

P 

1 

4 

7 

10 

13 

18 

19 

w 

1 

3 

7 

10 

13 

18 

19 

20 

w 

1 

3 

7 

10 

13 

18 

19 

20 

p 

1 

4 

7 

10 

13 

18 

19 

M 

3 

4 

7 

10 

13 

19 

20 

w 

1 

3 

7 

10 

13 

18 

19 

20 

Source:  Barkhi,  1995 
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Table  C.17:  Democratic  Distributed  Groups  under  Global  Incentive  from  Group  26 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

4 

7 

8 

10 

19 

20 

W 

3 

9 

14 

20 

M 

3 

11 

14 

12 

P 

19 

5 

14 

7 

M 

3 

4 

5 

6 

M 

4 

5 

6 

7 

P 

1 

3 

7 

10 

13 

17 

19 

20 

M 

1 

3 

7 

10 

13 

17 

19 

20 

M 

3 

7 

8 

10 

14 

19 

20 

W 

1 

3 

7 

10 

13 

18 

19 

20 

P 

3 

7 

10 

13 

19 

20 

P 

4 

7 

10 

13 

19 

20 

Source:  Barkhi,  1995 


Table  C.18:  Democratic  Distributed  Groups  under  Global  Incentive  from  Group  50 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

3 

7 

9 

10 

16 

19 

20 

P 

1 

3 

7 

10 

13 

17 

19 

20 

W 

7 

10 

13 

14 

18 

19 

20 

W 

1 

7 

10 

13 

14 

18 

M 

1 

3 

7 

10 

13 

17 

19 

20 

W 

1 

3 

7 

10 

13 

17 

19 

20 

Source:  Barkhi,  1995 


149 


Table  C.19:  Democratic  Distributed  Groups  under  Local  Incentive  from  Group  2 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

W 

1 

3 

4 

7 

12 

13 

18 

20 

P 

9 

16 

19 

P 

1 

3 

4 

7 

M 

1 

4 

10 

13 

17 

W 

1 

3 

4 

7 

12 

18 

20 

P 

9 

12 

16 

17 

P 

9 

12 

16 

17 

P 

1 

4 

12 

16 

9 

w 

1 

3 

4 

7 

12 

20 

p 

1 

4 

12 

16 

w 

1 

4 

4 

7 

12 

20 

M 

1 

3 

4 

12 

19 

P 

1 

O 

12 

19 

P 

1 

3 

4 

12 

19 

M 

1 

3 

4 

W 

1 

3 

4 

12 

Source:  Barkhi,  1995 


Table  C.20:  Democratic  Distributed  Groups  under  Local  Incentive  from  Group  3 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

1 

3 

4 

10 

12 

13 

17 

W 

6 

3 

7 

12 

13 

17 

18 

20 

P 

9 

12 

16 

17 

P 

9 

12 

16 

17 

P 

9 

12 

16 

~TT 

P 

16 

3 

6 

W 

16 

2 

w 

16 

7 

18 

6 

M 

6 

15 

1 

~Y? 

13 

Source:  Barkhi,  1995 
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Table  C.21:  Democratic  Distributed  Groups  under  Local  Incentive  from  Group  5 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

1 

3 

4 

10 

12 

13 

17 

P 

1 

3 

10 

13 

14 

18 

P 

9 

12 

16 

17 

W 

3 

6 

7 

12 

13 

17 

18 

20 

W 

3 

6 

12 

17 

18 

20 

P 

1 

3 

6 

13 

12 

17 

18 

w 

4 

3 

6 

12 

17 

18 

M 

1 

j 

4 

13 

12 

17 

18 

P 

1 

3 

4 

12 

13 

17 

18 

W 

6 

3 

4 

13 

12 

17 

18 

P 

3 

4 

6 

12 

13 

17 

Source:  Barkhi,  1995 
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Table  C.22:  Democratic  Distributed  Groups  with  Local  Incentive  from  Group  8 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

M 

'■ 

8 

13 

15 

W 

- 

3 

6 

7 

12 

13 

17 

18 

20 

M 

1 

3 

4 

10 

12 

13 

17 

P 

9 

12 

16 

17 

W 

2 

i 

6 

9 

18 

w 

3 

7 

20 

16 

12 

w 

4 

7 

16 

18 

20 

p 

1 

9 

17 

18 

3 

w 

16 

17 

7 

18 

20 

w 

1 

7 

17 

18 

20 

w 

1 

11 

17 

20 

w 

3 

4 

12 

15 

18 

p 

3 

4 

12 

15 

18 

17 

w 

3 

1 

14 

17 

20 

M 

4 

3 

12 

17 

18 

10 

W 

1 

6 

7 

12 

18 

20 

M 

14 

3 

1 

4 

W 

7 

16 

18 

20 

P 

3 

4 

12 

19 

18 

17 

w 

3 

6 

7 

12 

14 

18 

20 

M 

15 

3 

14 

10 

M 

15 

jy 

1 

4 

10 

W 

3 

4 

6 

18 

20 

3 

3 

14 

12 

9 

17 

M 

15 

3 

3 

4 

12 

15 

19 

17 

M 

19 

15 

10 

13 

4 

3 

19 

17 

3 

12 

15 

18 

W 

16 

18 

20 

Source:  Barkhi,  1995 
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Table  C.23:  Democratic  Distributed  Groups  under  Local  Incentive  from  Group  12 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

P 

1 

9 

16 

M 

1 

3 

4 

10 

12 

13 

17 

W 

3 

6 

7 

12 

13 

17 

18 

20 

W 

3 

4 

6 

7 

16 

18 

20 

M 

1 

3 

6 

13 

17 

18 

12 

P 

3 

9 

16 

P 

1 

3 

9 

P 

9 

3 

12 

P 

9 

3 

12 

6 

P 

9 

3 

12 

4 

P 

9 

3 

12 

18 

17 

P 

9 

-> 

J 

12 

4 

13 

M 

1 

3 

10 

6 

P 

6 

7 

9 

12 

W 

3 

6 

12 

17 

18 

W 

1 

3 

6 

7 

12 

13 

P 

1 

3 

12 

9 

13 

17 

w 

1 

3 

4 

12 

13 

17 

20 

M 

10 

16 

P 

1 

16 

20 

W 

3 

9 

10 

12 

17 

18 

w 

7 

12 

18 

20 

Source:  Barkhi,  1995 


Table  C.24:  Democratic  Distributed  Groups  under  Local  Incentive  from  Group  23 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

P 

9 

12 

17 

19 

M 

1 

18 

2 

3 

P 

6 

10 

16 

20 

W 

6 

10 

16 

20 

W 

16 

18 

20 

M 

1 

3 

6 

10 

15 

M 

1 

3 

4 

10 

12 

13 

17 

W 

1 

3 

6 

7 

12 

13 

18 

20 

Source:  Barkhi,  1995 
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Table  C.25:  Democratic  Distributed  Groups  under  Local  Incentive  from  Group  24 


Prop_By 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

M 

4 

7 

8 

10 

19 

20 

W 

1 

6 

7 

12 

13 

18 

20 

W 

7 

20 

M 

16 

10 

M 

1 

4 

10 

13 

15 

M 

1 

3 

4 

10 

12 

13 

17 

P 

1 

4 

13 

17 

19 

M 

1 

4 

13 

17 

10 

W 

1 

4 

13 

17 

P 

1 

4 

12 

13 

17 

19 

W 

1 

4 

13 

17 

12 

M 

1 

4 

12 

13 

17 

P 

1 

4 

12 

13 

17 

P 

1 

4 

6 

12 

13 

17 

W 

1 

4 

13 

17 

12 

18 

w 

1 

4 

12 

13 

17 

18 

M 

1 

4 

12 

13 

17 

18 

Source:  Barkhi,  1995 
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Table  C.26:  Democratic  Distributed  Groups  under  Local  Incentive  from  Group  46 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

P 

9 

12 

16 

17 

M 

3 

4 

8 

10 

15 

W 

3 

6 

7 

12 

15 

17 

18 

20 

W 

3 

6 

7 

12 

13 

17 

18 

W 

3 

6 

7 

12 

13 

17 

18 

20 

W 

7 

12 

17 

18 

19 

20 

M 

j 

4 

12 

17 

P 

3 

4 

12 

17 

W 

3 

7 

12 

17 

w 

3 

12 

13 

11 

17 

18 

w 

3 

4 

12 

17 

w 

3 

9 

12 

13 

17 

M 

1 

3 

4 

12 

17 

P 

1 

3 

4 

12 

17 

P 

1 

3 

4 

10 

12 

13 

17 

M 

1 

3 

4 

12 

17 

P 

1 

3 

4 

12 

17 

W 

1 

3 

4 

12 

17 

Source:  Barkhi,  1995 


Table  C.27:  Democratic  Distributed  Groups  under  Local  Incentive  from  Group  49 


PropBy 

Ordl 

Ord2 

Ord3 

Ord4 

Ord5 

Ord6 

Ord7 

Ord8 

W 

3 

6 

7 

12 

13 

17 

18 

20 

P 

9 

12 

16 

17 

P 

9 

12 

16 

17 

W 

3 

6 

12 

13 

17 

18 

20 

M 

10 

1 

6 

3 

4 

13 

W 

12 

16 

17 

P 

1 

9 

19 

13 

17 

12 

P 

1 

9 

16 

Source:  Barkhi,  1995 


APPENDIX  D 
ORDER  INFORMATION 


Table  D.l : Twenty  Customer  Orders  (Qik) 


Customer 

Number 

Product  1 
Quantity 

Product  2 
Quantity 

Product  3 
Quantity 

Product  4 
Quantity 

1 

200 

450 

200 

400 

2 

50 

2000 

100 

800 

3 

100 

0 

50 

400 

4 

400 

100 

150 

650 

5 

350 

1100 

550 

950 

6 

400 

55 

420 

155 

7 

150 

50 

250 

80 

8 

200 

1100 

300 

700 

9 

755 

0 

455 

0 

10 

300 

r300 

300 

300 

11 

600 

800 

950 

Isoo- 

12 

55 

400 

100 

300 

13 

100 

400 

250 

450 

14 

300 

50 

100 

700 

15 

500 

400 

300 

600 

16 

450 

1000 

835 

2250 

17 

210 

210 

315 

255 

18 

200 

300 

310 

350 

19 

150 

310 

400 

450 

20 

250 

55 

520 

110 

Source:  Barkhi,  pp.68,  1995 
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Table  D.2:  Order  Revenue  Data  (Revj) 


Order 

Revenue 

Order 

Revenue 

Order 

Revenue 

Order 

Revenue 

1 

$865 

6 

$1120 

11 

$1990 

16 

$3870 

2 

$1195 

7 

$740 

\Y2~ 

$860 

17 

$1010 

3 

$510 

8 

$1520 

13 

$1195 

18 

$1120 

4 

$790 

9 

$840 

14 

$830 

19 

$1750 

5 

$2340 

10 

$1340 

15 

$1450 

20 

$970 

Source:  Barkhi.  pp.  68,  1995 


Table  D.3:  Cost  Information  for  Marketing  Department  (PC,  UDEC,  and  ADC) 


Ord 

PC: 

er:  1 
$200 

Order:  2 
PC:  $280 

Order:  3 
PC:  $100 

Order:  4 
PC:  $180 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$190 

l$r~ 

$290 

$0 

$120 

no~ 

$190 

$10 

$150 

$10 

$230 

$10 

$70 

$10 

$160 

$20 

$140 

$20 

$200 

$20 

$60 

$20 

$100 

$30 

$120 

$30 

$190 

$30 

$60 

$30 

$90 

Order:  5 
PC:  $600 

Order:  6 
PC:  $250 

Order:  7 
PC:  $100 

Order:  8 
PC:  $320 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$650 

$0 

$240 

$0 

$130 

$0 

$300 

$20 

$600 

$10 

$200 

$10 

$120 

$10 

$260 

$40 

$500 

$20 

$190 

$20 

$110 

$20 

$250 

$50 

$490 

$30 

$170 

$30 

$110 

$30 

$240 

Order:  9 
PC:  $80 

Order:  10 
PC:  $250 

Order:  11 
PC:  $400 

Order:  12 
PC:  $180 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$100 

$0 

$240 

$0 

$450 

$0 

$190 

$10 

$90 

$10 

$180 

$10 

$400 

$10 

$150 

$20 

$85 

$20 

$170 

$20 

$380 

$20 

$140 

$30 

$85 

$40 

$160 

$40 

$320 

$40 

$130 
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Table  D.3  — Continued 


Order:  13 
PC:  S250 

Order:  14 
PC:  $160 

Order:  15 
PC:  $300 

Order:  16 
PC:  $800 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$220 

$0 

$160 

$0 

$260 

$0 

$780 

$10 

$210 

$20 

$130 

$10 

$250 

$10 

$750 

$20 

$200 

$30 

$100 

$20 

$240 

3>20 

$700 

$30 

$190 

$40 

$70 

$30 

$230 

$30 

$650 

Order:  17 
PC:  $220 

Order:  18 
PC:  $280 

Order:  19 
PC:  S360 

Order:  20 
PC:  $180 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$260 

$0 

$320 

$0 

$390 

$0 

$210 

$10 

$220 

$10 

$300 

$10 

$360 

$10 

$200 

$20 

$180 

$20 

$260 

$350 

$20 

$180 

$30 

$150 

Tdo- 

$210 

$30 

$300 

$30 

$170 

Source:  Barkhi,  pp.  69-70,  1995 


Table  D.4:  Cost  Information  for  Production  Department  (PC,  UDEC,  and  ADC) 


Order:  1 
PC:  S400 

Order:  2 
PC:  $430 

Order:  3 
PC:  S200 

Order:  4 
PC:  $300 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$360 

$0 

$460 

$0 

$220 

$0 

$290 

$20 

$330 

teo“ 

$400 

$10 

$200 

$10 

$260 

$40 

$300 

r$40 

$380 

$20 

$150 

$20 

$260 

$50 

$300 

$50 

$380 

$30 

$140 

$30 

$250 

Order:  5 
PC:  $1000 

Order:  6 
PC:  $500 

Order:  7 
PC:  $250 

Order:  8 
PC:  $650 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$1000 

$0 

$550 

$0 

$280 

$0 

$700 

$20 

$950 

$20 

$480 

$10 

$260 

$10 

$680 

$40 

$900 

$30 

$430 

$20 

$255 

$20 

$660 

$55 

$880 

$40 

$420 

$30 

$240 

$30 

$610 
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Table  D.4  --  Continued 


Order:  9 
PC:  S400 

Order:  10 
PC:  $550 

Order:  11 
PC:  $800 

Order:  12 
PC:  $450 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$380 

$0 

$560 

$0 

$860 

$0 

$480 

$10 

$300 

lUo- 

$550 

$20 

$800 

$10 

$420 

$20 

$290 

$20 

$540 

$40 

$775 

$20 

$410 

$30 

$280 

$40 

$500 

$45 

$700 

$40 

$370 

Order:  13 
PC:  $500 

Order:  14 
PC:  $350 

Order:  15 
PC:  $650 

Order:  16 
PC:  $1700 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$480 

$0 

$350 

$0 

$690 

$0 

$1650 

$10 

$470 

^$20 

$290 

$10 

$650 

$20 

$1600 

$20 

$450 

$30 

$280 

$20 

$610 

$30 

$1560 

$40 

$440 

$40 

$260 

$30 

$580 

$50 

$1500 

Order:  17 
PC:  $450 

Order:  18 
PC:  $480 

Order:  19 
PC:  $710 

Order:  20 
PC:  $450 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$410 

$0 

$520 

$0 

$700 

$0 

$500 

$10 

$400 

$10 

$500 

$10 

$650 

$10 

$460 

$20 

$390 

$20 

$450 

$20 

$640 

$20 

$450 

$30 

$380 

$30 

$410 

$40 

$620 

$30 

$420 

Source:  Barkhi,  pp.  72-73,  1995 


Table  D.5:  Cost  Information  for  Purchasing  Department  (PC,  UDEC,  and  ADC) 


Order:  1 
PC:  S250 

Order:  2 
PC:  $300 

Order:  3 
PC:  SI 50 

Order:  4 
PC:  $220 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$250 

$0 

$310 

$0 

$160 

$0 

$230 

$10 

$240 

$10 

$270 

$10 

$110 

$10 

$180 

$20 

$200 

$20 

$270 

$20 

$100 

$20 

$170 

$30 

$190 

$30 

$270 

$30 

$90 

$30 

$150 

160 


Table  D.5—  Continued 


Order:  5 
PC:  S600 

Order:  6 
PC:  $350 

Order:  7 
PC:  $200 

Order:  8 
PC:  $400 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$700 

$0 

$320 

$0 

$210 

$0 

$450 

$20 

$650 

$20 

$310 

$10 

$160 

$10 

$440 

$30 

$600 

$30 

$300 

$15 

$130 

$20 

$430 

$50 

$590 

$30 

$290 

$30 

$130 

$30 

$420 

Order:  9 
PC:  $210 

Order:  10 
PC:  $380 

Order:  11 
PC:  $600 

Order:  12 
PC:  $210 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$250 

$0 

$420 

$0 

$680 

$0 

$240 

$10 

$220 

$20 

$400 

$20 

$640 

$10 

$230 

$20 

$220 

$30 

$390 

$40 

$620 

$20 

$200 

$30 

$220 

$50 

$390 

$50 

$500 

$30 

$140 

Order:  13 
PC:  $380 

Order:  14 
PC:  $260 

Order:  15 
PC:  $480 

Order:  16 
PC:  $1200 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$370 

$0 

$260 

Tio- 

$550 

$0 

$1170 

$10 

$360 

$20 

$240 

$10 

$500 

$10 

$1150 

$20 

$350 

$30 

$220 

$20 

$450 

$20 

$1100 

$40 

$330 

$30 

$190 

$30 

$410 

$30 

$1090 

Order:  17 
PC:  $300 

Order:  18 
PC:  $320 

Order:  19 
PC:  S530 

Order:  20 
PC:  $200 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

UDEC 

ADC 

$0 

$350 

$0 

$280 

$0 

$580 

$0 

$180 

$10 

$310 

$10 

$270 

$10 

$550 

$10 

$160 

$20 

$280 

$20 

$260 

$30 

$500 

$20 

$120 

$30 

$230 

$30 

$250 

$40 

$480 

$30 

$90 

Source:  Barkhi,  pp.  75-76,  1995 
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Table  D.6:  Marketing  Departmental  Capacity  in  Units  (Ck) 


Product:  1 

Product:  2 

Product:  3 

Product:  4 

1500 

1950 

3400 

2850 

Source:  Barkhi,  pp.  71,  1995 

Table  D.7:  Production  Departmental  Capacity  in  Units  (Ck) 


Product:  1 

Product:  2 

Product:  3 

Product:  4 

1500 

1950 

3400 

2850 

Source:  Barkhi,  pp.  74,  1995 

Table  D.8:  Purchasing  Departmental  Capacity  in  Units  (Ck) 


Product:  1 

Product:  2 

Product:  3 

Product:  4 

1500 

1950 

3400 

2850 

Source:  Barkhi,  pp.  75,  1995 


APPENDIX  E 

EXPERIMENTAL  RESULTS 


Table  E.  1 : Group  1 MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-104.03 

-103.6 

-103.08 

-102.94 

-102.92 

Influenced 

0.046 

0.046 

0.046 

0.046 

0.046 

(A) 

0 

0 

0 

0 

0 

Peer- 

-104.03 

-103.6 

-103.08 

-102.94 

-102.92 

Population 

Influenced 

0.046 

0.046 

0.046 

0.046 

0.046 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-42.299 

-41.989 

-41.614 

-41.515 

-41.501 

Two 

0.01 

0.01 

0.01 

0.01 

0.01 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-22.902 

-22.7508 

-22.611 

-22.592 

-22.591 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 



(D) 

0 

0 

0 

0 

0 

Table  E.2:  Group  2 MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-36.603 

-36.156 

-35.579 

-35.418 

-35.395 

Influenced 

0.012 

0.012 

0.012 

0.012 

0.012 

(A) 

0.012 

0.005 

0 

0 

0 

Peer- 

-36.603 

-36.156 

-35.579 

-35.418 

-35.395 

Population 

Influenced 

0.012 

0.012 

0.012 

0.012 

0.012 

Sizing 

(B) 

0.012 

0.005 

0 

0 

0 

Scheme 

Fixed- 

-12.343 

-12.182 

-12.068 

-12.074 

-12.078 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-37.03 

-36.6706 

-36.273 

-36.185 

-36.174 

Four 

0.015 

0.015 

0.015 

0.015 

0.015 

_j 

(D) 

0.071 

0.073 

0.076 

0.077 

0.077 
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Table  E.3:  Group  3 MLE,  p and  x 


Incentive  Weighting  Scheme 


0.0 

0.1 

0.5 

0.9 

1.0 

Population 

Sizing 

Scheme 

Leader- 

Influenced 

(A) 

-35.394 

0.029 

0.215 

-35.403 

0.029 

0.216 

-35.407 

0.029 

0.217 

-35.406 

0.029 

0.218 

-35.406 

0.029 

0.218 

Peer- 

Influenced 

(B) 

-35.394 

0.029 

0.215 

-35.403 

0.029 

0.216 

-35.407 

0.029 

0.217 

-35.406 

0.029 

0.218 

-35.406 

0.029 

0.218 

Fixed- 

Two 

(C) 

-25.354 

0.02 

0 

-25.067 

0.02 

0 

-24.825 

0.02 

0 

-24.768 

0.02 

0 

-24.759 

0.02 

0 

Fixed- 

Four 

(D) 

-28.275 

0.025 

0 

-28.364 

0.025 

0 

-28.491 

0.025 

0 

-28.532 

0.025 

0 

-28.538 

0.025 

0 

Table  E.4:  Group  4 MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-178.83 

-178.69 

-178.55 

-178.51 

-178.51 

Influenced 

0.106 

0.106 

0.106 

0.106 

0.106 

(A) 

0 

0 

0 

0 

0 

Peer- 

-87.456 

-87.662 

-88.171 

-88.41 

-88.451 

Population 

Influenced 

0.03 

0.03 

0.03 

0.03 

0.03 

Sizing 

(B) 

0.149 

0.148 

0.147 

0.146 

0.146 

Scheme 

Fixed- 

-17.225 

-17.307 

-17.626 

-17.799 

-17.83 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-38.174 

-38.237 

-38.609 

-38.824 

-38.862 

Four 

0.003 

0.003 

0.003 

0.003 

0.003 

(D) 

0 

0 

0 

0 

0 
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Table  E.5:  Group  5 MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-8.1082 

-8.0256 

-7.9436 

-7.9293 

-7.9278 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

(A) 

0 

0 

0 

0 

0 

Peer- 

-8.1082 

-8.0256 

-7.9436 

-7.9293 

-7.9278 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-9.0022 

-8.9006 

-8.7884 

-8.7635 

-8.7603 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-11.561 

-11.447 

-11.33 

-11.306 

-11.303 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.6:  Group  7 MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-155.67 

-155.49 

-155.2 

-155.11 

-155.09 

Influenced 

0.148 

0.148 

0.148 

0.148 

0.148 

(A) 

0 

0 

0 

0 

0 

Peer- 

-40.225 

-40.151 

-40.074 

-40.057 

-40.054 

Population 

Influenced 

0.018 

0.018 

0.018 

0.018 

0.018 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-38.335 

-38.277 

-38.225 

-38.217 

-38.217 

Two 

0.019 

0.019 

0.019 

0.019 

0.019 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-17.582 

-17.021 

-16.217 

-15.955 

-15.915 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 
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Table  E.7:  Group  8 MLE,  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-102.24 

-102.17 

-102.2 

-102.26 

-102.27 

Influenced 

0.025 

0.025 

0.025 

0.025 

0.025 

(A) 

0.11 

0.109 

0.108 

0.108 

0.108 

Peer- 

-102.24 

-102.17 

-102.2 

-102.26 

-102.27 

Population 

Influenced 

0.025 

0.025 

0.025 

0.025 

0.025 

Sizing 

(B) 

0.11 

0.109 

0.108 

0.108 

0.108 

Scheme 

Fixed- 

-23.736 

-23.507 

-23.192 

-23.102 

-23.09 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-40.135 

-40.164 

-40.355 

-40.479 

-40.502 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.8:  Group  9 MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-79.036 

-79.071 

-79.153 

-79.192 

-79.198 

Influenced 

0.064 

0.064 

0.064 

0.064 

0.064 

(A) 

0.293 

0.293 

0.293 

0.294 

0.294 

Peer- 

-79.036 

-79.071 

-79.153 

-79.192 

-79.198 

Population 

Influenced 

0.064 

0.064 

0.064 

0.064 

0.064 

Sizing 

(B) 

0.293 

0.293 

0.293 

0.294 

0.294 

Scheme 

Fixed- 

-8.4679 

-8.4649 

-8.4766 

-8.4867 

-8.4886 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-10.329 

-10.357 

-10.416 

-10.441 

-10.445 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 
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Table  E.9:  Group  10  MLE,  p and  / 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-6.6384 

-6.6299 

-6.6167 

-6.6122 

-6.6115 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

(A) 

0 

0 

0 

0 

0 

Peer- 

-61.707 

-61.667 

-61.674 

-61.699 

-61.705 

Population 

Influenced 

0.017 

0.017 

0.017 

0.017 

0.017 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-83.76 

-83.694 

-83.703 

-83.74 

-83.748 

Two 

0.036 

0.036 

0.036 

0.036 

0.036 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-57.967 

-57.415 

-56.722 

-56.529 

-56.501 

Four 

0.013 

0.013 

0.013 

0.013 

0.013 

(D) 

0 

0 

0 

0 

0 

Table  E.10:  Group  1 1 MLE,  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-36.317 

-36.378 

-36.547 

-36.635 

-36.65 

Influenced 

0.05 

0.05 

0.05 

0.05 

0.05 

(A) 

0 

0 

0 

0 

0 

Peer- 

-36.317 

-36.378 

-36.547 

-36.635 

-36.65 

Population 

Influenced 

0.05 

0.05 

0.05 

0.05 

0.05 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-5.0505 

-5.0374 

-5.0498 

-5.0668 

-5.0702 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-5.6701 

-5.647 

-5.6389 

-5.6459 

-5.6476 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 
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Table  E.l  1:  Group  12  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-150.98 

-150.69 

-150.52 

-150.52 

-150.52 

Influenced 

0.079 

0.079 

0.08 

0.08 

0.08 

(A) 

0.202 

0.197 

0.181 

0.177 

0.176 

Peer- 

-150.98 

-150.69 

-150.52 

-150.52 

-150.52 

Population 

Influenced 

0.079 

0.079 

0.08 

0.08 

0.08 

Sizing 

(B) 

0.202 

0.197 

0.181 

0.177 

0.176 

Scheme 

Fixed- 

-16.17 

-15.883 

-15.668 

-15.629 

-15.664 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-30.636 

-29.939 

-29.264 

-29.116 

-29.097 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.l 2:  Group  13  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-55.631 

-55.639 

-55.674 

-55.693 

-55.696 

Influenced 

0.104 

0.104 

0.104 

0.104 

0.104 

(A) 

0.999 

0.999 

0.999 

0.999 

0.999 

Peer- 

-8.7618 

-8.6064 

-8.4099 

-8.3526 

-8.3441 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-6.2959 

-6.2151 

-6.1146 

-6.0859 

-6.0817 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-5.6352 

-5.632 

-5.6358 

-5.6399 

-5.6406 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 
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Table  E.13:  Group  14  MLE,  p and  / 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-145.51 

-145.46 

-145.38 

-145.35 

-145.35 

Influenced 

0.142 

0.142 

0.142 

0.142 

0.142 

(A) 

0 

0 

0 

0 

0 

Peer- 

-46.459 

-46.473 

-46.59 

-46.653 

-46.663 

Population 

Influenced 

0.014 

0.014 

0.014 

0.014 

0.014 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-13.899 

-13.956 

-14.115 

-14.186 

-14.198 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-56.015 

-55.848 

-55.668 

-55.624 

-55.618 

Four 

0.01 

0.01 

0.01 

0.01 

0.01 

(D) 

0.091 

0.09 

0.09 

0.089 

0.089 

Table  E.14:  Group  15  MLE.  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-84.789 

-85.057 

-85.483 

-85.633 

-85.656 

Influenced 

0.075 

0.075 

0.075 

0.075 

0.075 

(A) 

0 

0 

0 

0 

0 

Peer- 

-38.098 

-38.156 

-38.261 

-38.301 

-38.307 

Population 

Influenced 

0.025 

0.025 

0.025 

0.025 

0.025 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-38.098 

-21.554 

-21.811 

-22.038 

-38.307 

Two 

0.025 

0.001 

0.001 

0.001 

0.025 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-61.543 

-61.716 

-61.993 

-61.16 

-62.107 

Four 

0.053 

0.053 

0.054 

0.006 

0.054 

(D) 

0 

0 

0 

0.257 

0 
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Table  E.15:  Group  16  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-28.939 

-29.096 

-29.355 

-29.449 

-29.463 

Influenced 

0.071 

0.071 

0.071 

0.071 

0.071 

(A) 

0 

0 

0 

0 

0 

Peer- 

-28.939 

-29.096 

-29.355 

-29.449 

-29.463 

Population 

Influenced 

0.071 

0.071 

0.071 

0.071 

0.071 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-2.7052 

-2.764 

-2.8677 

-2.9073 

-2.9136 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-5.6872 

-5.671 

-5.6452 

-5.6356 

-5.6341 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.16:  Group  17  MLE,  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-5.568 

-5.4119 

-5.2023 

-5.1383 

-5.1287 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

(A) 

0 

0 

0 

0 

0 

Peer- 

-12.788 

-11.7 

-10.446 

-10.093 

-10.041 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-9.0166 

-8.2226 

-7.3638 

-7.1338 

-7.1003 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-5.7336 

-5.700 

-5.6648 

-5.657 

-5.656 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

170 


Table  E.17:  Group  18  MLE,  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-4.4018 

-4.4422 

-4.5145 

-4.5426 

-4.5471 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

(A) 

0 

0 

0 

0 

0 

Peer- 

-4.4018 

-4.4422 

-4.5145 

-4.5426 

-4.5471 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-4.4018 

-4.4422 

-4.5145 

-4.5426 

-4.5471 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-7.1841 

-7.259 

-7.3919 

-7.4427 

-7.4509 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.18:  Group  19  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-32.575 

-32.567 

-32.56 

-32.559 

-32.559 

Influenced 

0.03 

0.03 

0.03 

0.03 

0.03 

(A) 

0 

0 

0 

0 

0 

Peer- 

-32.575 

-32.567 

-32.56 

-32.559 

-32.559 

Population 

Influenced 

0.03 

0.03 

0.03 

0.03 

0.03 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-32.575 

-32.567 

-32.56 

-32.559 

-32.559 

Two 

0.03 

0.03 

0.03 

0.03 

0.03 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-7.0218 

-7.047 

-7.0898 

-7.1051 

-7.1075 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 
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Table  E.19:  Group  20  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-61.831 

-61.838 

-61.872 

-61.891 

-61.894 

Influenced 

0.054 

0.054 

0.054 

0.054 

0.054 

(A) 

0 

0 

0 

0 

0 

Peer- 

-61.831 

-61.838 

-61.872 

-61.891 

-61.894 

Population 

Influenced 

0.054 

0.054 

0.054 

0.054 

0.054 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-40.755 

-40.73 

-40.731 

-40.741 

-40.743 

Two 

0.025 

0.025 

0.025 

0.025 

0.025 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-63.753 

-63.696 

-63.676 

-63.688 

-63.691 

Four 

0.059 

0.059 

0.059 

0.059 

0.059 

(D) 

0 

0 

0 

0 

0 

Table  E.20:  Group  22  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-128.79 

-128.97 

-129.35 

-129.52 

-129.55 

Influenced 

0.08 

0.08 

0.08 

0.08 

0.08 

(A) 

0.863 

0.857 

0.845 

0.839 

0.838 

Peer- 

-31.691 

-31.905 

-32.267 

-32.403 

-32.425 

Population 

Influenced 

0.011 

0.011 

0.011 

0.011 

0.011 

Sizing 

(B) 

0.139 

0.134 

0.127 

0.125 

0.125 

Scheme 

Fixed- 

-10.446 

-10.536 

-10.748 

-10.847 

-10.863 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-36.469 

-36.404 

-36.324 

-36.304 

-36.301 

Four 

0.015 

0.015 

0.015 

0.015 

0.015 

(D) 

0.088 

0.087 

0.087 

0.087 

0.087 
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Table  E.21 : Group  23  MLE,  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-24.021 

-23.969 

-23.886 

-23.858 

-23.853 

Influenced 

0.02 

0.02 

0.02 

0.02 

0.02 

(A) 

0 

0 

0 

0 

0 

Peer- 

-24.021 

-23.969 

-23.886 

-23.858 

-23.853 

Population 

Influenced 

0.02 

0.02 

0.02 

0.02 

0.02 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-24.021 

-23.969 

-23.886 

-23.858 

-23.853 

Two 

0.02 

0.02 

0.02 

0.02 

0.02 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-23.999 

-24.154 

-24.419 

-24.517 

-24.533 

Four 

0.006 

0.006 

0.006 

0.006 

0.006 

(D) 

0.174 

0.174 

0.173 

0.173 

0.173 

Table  E.22:  Group  24  MLE,  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-42.973 

-42.779 

-42.737 

-42.787 

-42.798 

Influenced 

0.02 

0.02 

0.02 

0.02 

0.02 

(A) 

0.047 

0.077 

0.078 

0.068 

0.065 

Peer- 

-42.973 

-42.779 

-42.737 

-42.787 

-42.798 

Population 

Influenced 

0.02 

0.02 

0.02 

0.02 

0.02 

Sizing 

(B) 

0.047 

0.077 

0.078 

0.068 

0.065 

Scheme 

Fixed- 

-35.542 

-35.404 

-35.408 

-35.461 

-35.472 

Two 

0.014 

0.014 

0.014 

0.014 

0.014 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-22.732 

-22.498 

-22.359 

-22.366 

-22.37 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 
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Table  E.23:  Group  25  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-28.605 

-28.519 

-28.444 

-28.432 

-28.43 

Influenced 

0.031 

0.031 

0.031 

0.031 

0.031 

(A) 

0 

0 

0 

0 

0 

Peer- 

-58.369 

-58.04 

-57.675 

-57.583 

-57.57 

Population 

Influenced 

0.037 

0.037 

0.037 

0.037 

0.037 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-39.261 

-39 

-38.72 

-38.653 

-38.644 

Two 

0.019 

0.019 

0.019 

0.019 

0.019 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-56.72 

-56.444 

-56.147 

-56.074 

-56.064 

Four 

0.042 

0.042 

0.042 

0.042 

0.042 

(D) 

0 

0 

0 

0 

0 

Table  E.24:  Group  26  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-32.764 

-32.488 

-32.23 

-32.18 

-32.174 

Influenced 

0.014 

0.013 

0.013 

0.013 

0.013 

(A) 

0.091 

0.116 

0.128 

0.13 

0.13 

Peer- 

-32.764 

-32.488 

-32.23 

-32.18 

-32.174 

Population 

Influenced 

0.014 

0.013 

0.013 

0.013 

0.013 

Sizing 

(B) 

0.091 

0.116 

0.128 

0.13 

0.13 

Scheme 

Fixed- 

-42.501 

-42.344 

-42.223 

-42.206 

-42.204 

Two 

0.033 

0.033 

0.033 

0.033 

0.033 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-28.913 

-28.422 

-27.927 

-27.814 

-27.799 

Four 

0.014 

.042 

0.014 

0.014 

0.014 

(D) 

0.193 

0 

0.198 

0.199 

0.199 

174 


Table  E.25:  Group  27  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

0 

0 

0 

0 

0 

Influenced 

0 

0 

0 

0 

0 

(A) 

0 

0 

0 

0 

0 

Peer- 

-28.089 

-27.619 

-27.142 

-27.026 

-27.009 

Population 

Influenced 

0.022 

0.022 

0.022 

0.022 

0.022 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-6.184 

-5.9944 

-5.8359 

-5.8092 

-5.8062 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-5.6989 

-5.878 

-5.6549 

-5.6518 

-5.6516 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.26:  Group  28  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-47.582 

-47.488 

-47.342 

-47.292 

-47.285 

Influenced 

0.056 

0.056 

0.056 

0.056 

0.056 

(A) 

0 

0 

0 

0 

0 

Peer- 

-47.582 

-47.488 

-47.342 

-47.292 

-47.285 

Population 

Influenced 

0.056 

0.056 

0.056 

0.056 

0.056 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-5.7446 

-5.6725 

-5.5515 

-5.5067 

-5.4996 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-5.7489 

-5.783 

-5.8439 

-5.8668 

-5.8705 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 
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Table  E.27:  Group  29  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-30.326 

-30.238 

-30.097 

-30.048 

-30.041 

Influenced 

0.038 

0.038 

0.038 

0.038 

0.038 

(A) 

0 

0 

0 

0 

0 

Peer- 

-30.326 

-30.238 

-30.097 

-30.048 

-30.041 

Population 

Influenced 

0.038 

0.038 

0.038 

0.038 

0.038 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-30.326 

-30.238 

-30.097 

-30.048 

-30.041 

Two 

0.038 

0.038 

0.038 

0.038 

0.038 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-5.9124 

-5.899 

-5.8767 

-5.8686 

-5.8673 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.28:  Group  30  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

0 

0 

0 

0 

0 

Influenced 

0 

0 

0 

0 

0 

(A) 

0 

0 

0 

0 

0 

Peer- 

0 

0 

0 

0 

0 

Population 

Influenced 

0 

0 

0 

0 

0 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-0.9904 

-1.1027 

-1.2771 

-1.3369 

-1.3462 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

0 

0 

0 

0 

IT 

Four 

0 

0 

0 

0 

0 

(D) 

0 

0 

0 

0 

0 
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Table  E.29:  Group  31  MLE,  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

0 

0 

0 

0 

0 

Influenced 

0 

0 

0 

0 

0 

(A) 

0 

0 

0 

0 

0 

Peer- 

-0.5574 

-0.6065 

-0.6858 

-0.7139 

-0.7183 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-29.85 

-29.954 

-30.117 

-30.173 

-30.181 

Two 

0.044 

0.044 

0.044 

0.044 

0.044 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-0.9548 

-1.053 

-1.2115 

-1.2676 

-1.2764 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.30:  Group  32  MLE,  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-4.8721 

-4.8798 

-4.8922 

-4.8966 

-4.8973 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

(A) 

0 

0 

0 

0 

0 

Peer- 

-42.666 

-42.595 

-42.514 

-42.493 

-42.49 

Population 

Influenced 

0.025 

0.025 

0.025 

0.025 

0.025 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-43.072 

-43.14 

-43.264 

-43.311 

-43.319 

Two 

0.029 

0.029 

0.029 

0.029 

0.029 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-43.678 

-43.570 

-43.434 

-43.395 

-43.389 

Four 

0.03 

0.03 

0.03 

0.03 

0.03 

(D) 

0 

0 

0 

0 

0 
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Table  E.3 1 : Group  33  MLE,  p and  % 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-65.601 

-65.555 

-65.479 

-65.452 

-65.448 

Influenced 

0.058 

0.058 

0.058 

0.058 

0.058 

(A) 

0 

0 

0 

0 

0 

Peer- 

-7.101 

-7.0799 

-7.0474 

-7.0365 

-7.0348 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-7.101 

-7.0799 

-7.0474 

-7.0365 

-7.0348 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-11.273 

-11.242 

-11.195 

-11.178 

-11.175 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.32:  Group  34  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-58.746 

-58.439 

-57.989 

-57.844 

-57.822 

Influenced 

0.047 

0.047 

0.047 

0.047 

0.047 

(A) 

0 

0 

0 

0 

0 

Peer- 

-58.746 

-58.439 

-57.989 

-57.844 

-57.822 

Population 

Influenced 

0.047 

0.047 

0.047 

0.047 

0.047 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-40.563 

-40.465 

-40.341 

-40.31 

-40.305 

Two 

0.025 

0.025 

0.025 

0.025 

0.025 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-37.203 

-37.078 

-36.94 

-36.91 

-36.907 

Four 

0.02 

0.021 

0.021 

0.021 

0.021 

(D) 

0.063 

0.042 

0.009 

0 

0 
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Table  E.33:  Group  35  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-35.213 

-35.132 

-35.001 

-34.953 

-34.946 

Influenced 

0.1 

0.1 

0.1 

0.1 

0.1 

(A) 

0 

0 

0 

0 

0 

Peer- 

-35.213 

-35.132 

-35.001 

-34.953 

-34.946 

Population 

Influenced 

0.1 

0.1 

0.1 

0.1 

0.1 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-21.128 

-21.011 

-20.813 

-20.74 

-20.729 

Two 

0.063 

0.063 

0.063 

0.063 

0.063 

(C) 

0 

0 

0 

0 

0 

Fixed- 

0 

0 

0 

0 

0 

Four 

0 

0 

0 

0 

0 

(D) 

0 

0 

0 

0 

0 

Group  36  was  omitted  due  to  the  small  number  of  observations 


Table  E.34:  Group  37  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-53.644 

-53.701 

-53.773 

-53.794 

-53.797 

Influenced 

0.07 

0.07 

0.07 

0.07 

0.07 

(A) 

0 

0 

0 

0 

0 

Peer- 

-57.602 

-55.981 

-55.05 

-54.899 

-54.881 

Population 

Influenced 

0.023 

0.023 

0.023 

0.023 

0.023 

Sizing 

(B) 

0.17 

0.171 

0.171 

0.171 

0.17 

Scheme 

Fixed- 

-11.223 

-10.71 

-10.433 

-10.393 

-10.388 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-16.805 

-16.813 

-16.856 

-16.881 

-16.885 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 
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Table  E.35:  Group  38  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-2.0373 

-2.0596 

-2.1028 

-2.1203 

-2.1232 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

(A) 

0 

0 

0 

0 

0 

Peer- 

-2.0373 

-2.0596 

-2.1028 

-2.1203 

-2.1232 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-3.736 

-3.646 

-3.52 

-3.4805 

-3.4745 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

IT 

0 

0 

0 

0 

Four 

0 

0 

0 

0 

0 

(D) 

0 

0 

0 

0 

0 

Table  E.36:  Group  39  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-74.125 

-74.091 

-74.037 

-74.018 

-74.015 

Influenced 

0.12 

0.12 

0.12 

0.12 

0.12 

(A) 

0 

0 

0 

0 

0 

Peer- 

-92.677 

-92.758 

-92.972 

-93.075 

-93.093 

Population 

Influenced 

0.064 

0.064 

0.064 

0.064 

0.064 

Sizing 

(B) 

0.163 

0.156 

0.146 

0.143 

0.142 

Scheme 

Fixed- 

-10.989 

-10.949 

-10.956 

-10.982 

-10.988 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-36.979 

-36.934 

-36.943 

-36.972 

-36.978 

Four 

0.017 

0.017 

0.017 

0.017 

0.017 

(D) 

0 

0 

0 

0 

0 
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Table  E.37:  Group  40  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-13.795 

-13.556 

-13.229 

-13.128 

-13.113 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

(A) 

0 

0 

0 

0 

0 

Peer- 

-37.101 

-37.118 

-37.155 

-37.17 

-37.172 

Population 

Influenced 

0.032 

0.032 

0.032 

0.032 

0.032 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-6.9246 

-6.633 

-6.2567 

-6.1443 

-6.1275 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-11.684 

-11.596 

-11.47 

-11.431 

-11.425 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.38:  Group  41  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-84.232 

-84.118 

-83.956 

-83.903 

-83.895 

Influenced 

0.123 

0.123 

0.123 

0.123 

0.123 

(A) 

0 

0 

0 

0 

0 

Peer- 

-29.247 

-28.801 

-28.201 

-28.021 

-27.994 

Population 

Influenced 

0.01 

0.01 

0.01 

0.01 

0.01 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-39.018 

-38.746 

-38.405 

-38.311 

-38.297 

Two 

0.019 

0.019 

0.019 

0.019 

0.019 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-44.136 

-43.578 

-42.879 

-42.684 

-42.656 

Four 

0.025 

0.025 

0.025 

0.025 

0.025 

(D) 

0 

0 

0 

0 

0 
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Table  E.39:  Group  42  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-10.227 

-10.14 

-10.153 

-10.177 

-10.181 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

(A) 

0 

0 

0 

0 

0 

Peer- 

-7.5436 

-7.3944 

-7.3325 

-7.3366 

-7.3381 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-26.62 

-26.571 

-26.679 

-26.745 

-26.756 

Two 

0.017 

0.017 

0.017 

0.017 

0.017 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-31.457 

-30.835 

-30.254 

-30.113 

-30.093 

Four 

0.025 

0.025 

0.025 

0.025 

0.025 

(D) 

0 

0 

0 

0 

0 

Table  E.40:  Group  43  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-147.43 

-147.44 

-147.46 

-147.47 

-147.47 

Influenced 

0.09 

0.09 

0.09 

0.09 

0.09 

(A) 

0 

0 

0 

0 

0 

Peer- 

-166.79 

-166.84 

-166.95 

-167 

-167.01 

Population 

Influenced 

0.091 

0.091 

0.091 

0.091 

0.091 

Sizing 

(B) 

0.802 

0.8 

0.797 

0.795 

0.795 

Scheme 

Fixed- 

-49.449 

-49.466 

-49.489 

-49.497 

-49.498 

Two 

0.016 

0.016 

0.016 

0.016 

0.016 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-78.651 

-78.657 

-78.676 

-78.685 

-78.687 

Four 

0.027 

0.027 

0.027 

0.027 

0.027 

(D) 

0.261 

0.261 

0.262 

0.263 

0.263 
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Table  E.41 : Group  44  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-33.385 

-33.229 

-33.03 

-32.973 

-32.965 

Influenced 

0.019 

0.019 

0.019 

0.019 

0.019 

(A) 

0.178 

0.181 

0.184 

0.185 

0.185 

Peer- 

-14.263 

-13.858 

-13.418 

-13.305 

-13.289 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-11.847 

-11.669 

-11.499 

-11.463 

-11.458 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-17.15 

-17.113 

-17.087 

-17.087 

-17.088 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.42:  Group  45  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-17.258 

-16.914 

-16.395 

-16.221 

-16.194 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

(A) 

0 

0 

0 

0 

0 

Peer- 

-45.542 

-45.608 

-45.775 

-45.855 

-45.869 

Population 

Influenced 

0.031 

0.031 

0.031 

0.031 

0.031 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-43.863 

-43.959 

-44.116 

-44.172 

-44.181 

Two 

0.029 

0.029 

0.029 

0.029 

0.029 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-37.237 

-37.035 

-36.731 

-36.63 

-36.614 

Four 

0.017 

0.017 

0.017 

0.017 

0.017 

(D) 

0 

0 

0 

0 

0 
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Table  E.43:  Group  46  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-81.439 

-81.138 

-80.792 

-80.712 

-80.702 

Influenced 

0.038 

0.038 

0.038 

0.038 

0.038 

(A) 

0.837 

0.862 

0.903 

0.919 

0.921 

Peer- 

-81.439 

-81.138 

-80.792 

-80.712 

-80.702 

Population 

Influenced 

0.038 

0.038 

0.038 

0.038 

0.038 

Sizing 

(B) 

0.837 

0.862 

0.903 

0.919 

0.921 

Scheme 

Fixed- 

-50.067 

-49.997 

-49.975 

-49.997 

-50.002 

Two 

0.025 

0.025 

0.025 

0.025 

0.025 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-34.365 

-34.675 

-35.359 

-35.668 

-35.72 

Four 

0.006 

0.006 

0.006 

0.006 

0.006 

(D) 

0.174 

0.174 

0.17 

0.168 

0.168 

Table  E.44:  Group  47  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-120.61 

-120.62 

-120.65 

-120.67 

-120.67 

Influenced 

0.218 

0.218 

0.218 

0.219 

0.219 

(A) 

0 

0 

0 

0 

0 

Peer- 

-62.339 

-62.313 

-62.268 

-62.252 

-62.249 

Population 

Influenced 

0.049 

0.049 

0.049 

0.049 

0.049 

Sizing 

(B) 

0.271 

0.271 

0.271 

0.271 

0.271 

Scheme 

Fixed- 

-8.8619 

-8.8844 

-8.9287 

-8.9471 

-8.9502 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-12.391 

-12.371 

-12.358 

-12.359 

-12.36 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 
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Table  E.45:  Group  48  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-27.691 

-26.958 

-26.385 

-26.25 

-26.231 

Influenced 

0.06 

0.06 

0.06 

0.06 

0.06 

(A) 

0 

0 

0 

0 

0 

Peer- 

-9.7505 

-8.4271 

-7.4739 

-7.2642 

-7.235 

Population 

Influenced 

0.001 

0.001 

0.001 

0.001 

0.001 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-9.7505 

-8.4271 

-7.4739 

-7.2642 

-7.235 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-10.725 

-10.667 

-10.594 

-10.574 

-10.571 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

Table  E.46:  Group  49  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-17.544 

-17.434 

-17.289 

-17.247 

-17.24 

Influenced 

0.006 

0.006 

0.006 

0.006 

0.006 

(A) 

0.257 

0.259 

0.262 

0.263 

0.263 

Peer- 

-17.544 

-17.434 

-17.289 

-17.247 

-17.24 

Population 

Influenced 

0.006 

0.006 

0.006 

0.006 

0.006 

Sizing 

(B) 

0.257 

0.259 

0.262 

0.263 

0.263 

Scheme 

Fixed- 

-5.5353 

-5.4934 

-5.4369 

-5.4203 

-5.4179 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-20.291 

-20.216 

-20.117 

-20.088 

-20.084 

Four 

0.051 

0.051 

0.051 

0.051 

0.051 

(D) 

0 

0 

0 

0 

0 
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Table  E.47:  Group  50  MLE,  p and  x 


Incentive  Weighting  Scheme 

0.0 

0.1 

0.5 

0.9 

1.0 

Leader- 

-32.429 

-32.341 

-32.219 

-32.181 

-32.175 

Influenced 

0.05 

0.05 

0.05 

0.05 

0.05 

(A) 

0 

0 

0 

0 

0 

Peer- 

-32.429 

-32.341 

-32.219 

-32.181 

-32.175 

Population 

Influenced 

0.05 

0.05 

0.05 

0.05 

0.05 

Sizing 

(B) 

0 

0 

0 

0 

0 

Scheme 

Fixed- 

-2.8407 

-2.8554 

-2.8743 

-2.8799 

-2.8807 

Two 

0.001 

0.001 

0.001 

0.001 

0.001 

(C) 

0 

0 

0 

0 

0 

Fixed- 

-5.139 

-5.291 

-5.5297 

-5.6124 

-5.6252 

Four 

0.001 

0.001 

0.001 

0.001 

0.001 

(D) 

0 

0 

0 

0 

0 

APPENDIX  F 

PATH  PROBABILITY  DIFFERENCE  DATA 


Table  F.l : Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.0  and  Population  Scheme  A 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group27 

0 

0 

0 

group30 

0 

0 

0 

group3 1 

0 

0 

0 

group36 

0 

0 

0 

group 1 0 

-6.6384 

-27.726 

21.0876 

group32 

-4.8721 

-27.726 

22.8538 

group47 

-120.61 

-152.49 

31.883 

group35 

-35.213 

-69.315 

34.1019 

group 17 

-5.568 

-41.589 

36.0209 

group38 

-2.0373 

-41.589 

39.5515 

group  1 6 

-28.939 

-69.315 

40.3755 

group 13 

-55.631 

-97.041 

41.4101 

group48 

-27.691 

-69.315 

41.6241 

group  1 1 

-36.317 

-97.041 

60.7237 

group39 

-74.125 

-138.63 

64.5036 

group50 

-32.429 

-97.041 

64.612 

group45 

-17.258 

-83.178 

65.9199 

group41 

-84.232 

-152.49 

68.2597 

group28 

-47.582 

-124.77 

77.1841 

group  18 

-4.4018 

-83.178 

78.7759 

group7 

-155.67 

-235.67 

80.005 

group29 

-30.326 

-110.9 

80.5777 

group25 

-28.605 

-110.9 

82.299 

group37 

-53.644 

-138.63 

84.9855 

group3 

-35.394 

-124.77 

89.3723 

group  14 

-145.51 

-235.67 

90.161 

group44 

-33.385 

-124.77 

91.3808 

group22 

-128.79 

-221.81 

93.016 
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Table  F.  1 -Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group9 

-79.036 

-180.22 

101.182 

group 1 9 

-32.575 

-138.63 

106.054 

group49 

-17.544 

-124.77 

107.222 

group 1 5 

-84.789 

-194.08 

109.292 

group40 

-13.795 

-124.77 

110.971 

group23 

-24.021 

-138.63 

114.608 

group33 

-65.601 

-180.22 

114.618 

group20 

-61.831 

-180.22 

118.387 

group34 

-58.746 

-180.22 

121.472 

group42 

-10.227 

-138.63 

128.403 

group5 

-8.1082 

-152.49 

144.384 

group26 

-32.764 

1-180.22 

147.454 

group4 

-178.83 

-346.57 

167.74 

group 12 

-150.98 

-318.85 

167.866 

group46 

-81.439 

-249.53 

168.094 

group43 

-147.43 

-332.71 

185.278 

group24 

-42.973 

-235.67 

192.697 

group2 

-36.603 

-235.67 

199.067 

group 1 

-104.03 

-332.71 

228.677 

group8 

-102.24 

-402.03 

299.786 

Table  F.2:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.0  and  Population  Scheme  B 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group35 

-35.213 

-69.315 

34.1019 

group3 8 

-2.0373 

-41.589 

39.5515 

group 16 

-28.939 

-69.315 

40.3755 

group  1 1 

-36.317 

-97.041 

60.7237 

group50 

-32.429 

-97.041 

64.612 

group28 

-47.582 

-124.77 

77.1841 

group  1 8 

-4.4018 

-83.178 

78.7759 

group29 

-30.326 

-110.9 

80.5777 

group3 1 

-0.5574 

-83.178 

82.6203 

group  1 7 

-12.788 

-97.041 

84.2526 

group3 

-35.394 

-124.77 

89.3723 

group27 

-28.089 

-124.77 

96.6775 
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Table  F. 2— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group9 

-79.036 

-180.22 

101.182 

group47 

-62.339 

-166.36 

104.016 

group 19 

-32.575 

-138.63 

106.054 

group49 

-17.544 

-124.77 

107.222 

group23 

-24.021 

-138.63 

114.608 

group39 

-92.677 

-207.94 

115.267 

group40 

-37.101 

-152.49 

115.391 

group 13 

-8.7618 

-124.77 

116.004 

group20 

-61.831 

-180.22 

118.387 

group34 

-58.746 

-180.22 

121.472 

group48 

-9.7505 

-138.63 

128.879 

group45 

-45.542 

-180.22 

134.677 

group5 

-8.1082 

-152.49 

144.384 

group26 

-32.764 

-180.22 

147.454 

group25 

-58.369 

-207.94 

149.575 

group32 

-42.666 

-194.08 

151.415 

group43 

-166.79 

-318.85 

152.055 

group  15 

-38.098 

-194.08 

155.983 

group33 

-7.101 

-166.36 

159.254 

group37 

-57.602 

-221.81 

164.205 

group  12 

-150.98 

-318.85 

167.866 

group46 

-81.439 

-249.53 

168.094 

group42 

-7.5436 

-180.22 

172.674 

group22 

-31.691 

-207.94 

176.253 

group4 1 

-29.247 

-207.94 

178.697 

group24 

-42.973 

-235.67 

192.697 

group7 

-40.225 

-235.67 

195.445 

group2 

-36.603 

-235.67 

199.067 

group44 

-14.263 

-235.67 

221.407 

group 1 

-104.03 

-332.71 

228.677 

group4 

-87.456 

-318.85 

231.392 

group  10 

-61.707 

-318.85 

257.141 

group  14 

-46.459 

-304.99 

258.526 

group8 

-102.24 

-402.03 

299.786 
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Table  F.3:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.0  and  Population  Scheme  C 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group36 

0 

0 

0 

group30 

-0.9904 

-27.726 

26.7355 

group35 

-21.128 

-55.452 

34.3236 

group38 

-3.736 

-55.452 

51.7158 

group 1 1 

-5.0505 

-83.178 

78.1272 

group 18 

-4.4018 

-83.178 

78.7759 

group50 

-2.8407 

-83.178 

80.337 

group  16 

-2.7052 

-83.178 

80.4726 

group29 

-30.326 

-110.9 

80.5777 

group31 

-29.85 

-110.9 

81.0544 

group 17 

-9.0166 

-110.9 

101.887 

group  13 

-6.2959 

-110.9 

104.608 

group27 

-6.184 

-110.9 

104.72 

group28 

-5.7446 

-110.9 

105.159 

group49 

-5.5353 

-110.9 

105.369 

group  19 

-32.575 

-138.63 

106.054 

group3 

-25.354 

-138.63 

113.275 

group23 

-24.021 

-138.63 

114.608 

group26 

-42.501 

-166.36 

123.854 

group48 

-9.7505 

-138.63 

128.879 

group40 

-6.9246 

-138.63 

131.704 

group42 

-26.62 

-166.36 

139.735 

group45 

-43.863 

-194.08 

150.218 

group32 

-43.072 

-194.08 

151.009 

group20 

-40.755 

-194.08 

153.326 

group34 

-40.563 

-194.08 

153.518 

group  1 5 

-38.098 

-194.08 

155.983 

group5 

-9.0022 

-166.36 

157.353 

group47 

-8.8619 

- 1 66.36 

157.493 

group9 

-8.4679 

-166.36 

157.887 

group33 

-7.101 

-166.36 

159.254 

group25 

-39.261 

-221.81 

182.546 

group41 

-39.018 

'-221.81 

182.789 

group7 

-38.335 

-221.81 

183.472 

group46 

-50.067 

-249.53 

199.466 

group2 

-12.343 

'-221.81 

209.464 
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Table  F. 3— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability'  (Log) 

Difference 

group44 

-11.847 

-221.81 

209.96 

group37 

-11.223 

-221.81 

210.585 

group39 

-10.989 

-221.81 

210.818 

group22 

-10.446 

-221.81 

211.361 

group24 

-35.542 

-249.53 

213.991 

group 10 

-83.76 

-304.99 

221.225 

group43 

-49.449 

-304.99 

255.537 

group  1 

-42.299 

-332.71 

290.412 

group  1 4 

-13.899 

-304.99 

291.086 

group4 

-17.225 

-332.71 

315.486 

group 12 

-16.17 

-332.71 

316.541 

group8 

-23.736 

-415.89 

392.152 

Table  F.4:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.0  and  Population  Scheme  D 


Group 

Number 

Fitted  Path 
Probability'  (Log) 

Random  Path 
Probability'  (Log) 

Difference 

group30 

0 

0 

0 

group35 

0 

0 

0 

group36 

0 

0 

0 

group38 

0 

0 

0 

group49 

-20.291 

-55.452 

35.1612 

group 18 

-7.1841 

-55.452 

48.2677 

group29 

-5.9124 

-55.452 

49.5394 

group28 

-5.7489 

-55.452 

49.7029 

group 17 

-5.7336 

-55.452 

49.7183 

group27 

-5.6989 

-55.452 

49.7529 

group 16 

-5.6872 

-55.452 

49.7646 

group  1 1 

-5.6701 

-55.452 

49.7818 

group  13 

-5.6352 

-55.452 

49.8166 

group50 

-5.139 

-55.452 

50.3128 

group3 1 

-0.9548 

-55.452 

54.497 

group42 

-31.457 

-110.9 

79.4466 

group26 

-28.913 

-110.9 

81.9907 

group3 

-28.275 

-110.9 

82.6291 

group23 

-23.999 

-110.9 

86.9055 

group47 

-12.391 

-110.9 

98.5132 

Table  F. 4— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability'  (Log) 

Difference 

group40 

-11.684 

-110.9 

99.2199 

group  5 

-11.561 

-110.9 

99.3434 

group33 

-11.273 

-110.9 

99.6314 

group48 

-10.725 

-110.9 

100.179 

group9 

-10.329 

-110.9 

100.575 

group20 

-63.753 

-166.36 

102.602 

group 19 

-7.0218 

-110.9 

103.882 

group 15 

-61.543 

-166.36 

104.812 

group25 

-56.72 

-166.36 

109.635 

group4 1 

-44.136 

-166.36 

122.219 

group32 

-43.678 

-166.36 

122.678 

group45 

-37.237 

-166.36 

129.118 

group34 

-37.203 

-166.36 

129.153 

group2 

-37.03 

-166.36 

129.325 

group39 

-36.979 

-166.36 

129.376 

group22 

-36.469 

-166.36 

129.886 

group7 

-17.582 

-166.36 

148.773 

group44 

-17.15 

-166.36 

149.205 

group37 

-16.805 

-166.36 

149.55 

group46 

-34.365 

-221.81 

187.442 

group43 

-78.651 

-277.26 

198.608 

group24 

-22.732 

-221.81 

199.075 

group  10 

-57.967 

-277.26 

219.292 

group 1 4 

-56.015 

-277.26 

221.244 

group4 

-38.174 

-277.26 

239.085 

group 12 

-30.636 

-277.26 

246.623 

group 1 

-22.902 

-277.26 

254.357 

group8 

-40.135 

-388.16 

348.027 
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Table  F.5:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0. 1 and  Population  Scheme  A 


Group 

Number 

Fitted  Path 
Probability'  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group27 

0 

0 

0 

group30 

0 

0 

0 

group3 1 

0 

0 

0 

group36 

0 

0 

0 

group 10 

-6.6384 

-27.726 

21.0876 

group32 

-4.8721 

-27.726 

22.8538 

group47 

-120.61 

-152.49 

31.883 

group35 

-35.213 

-69.315 

34.1019 

group  1 7 

-5.568 

-41.589 

36.0209 

group38 

-2.0373 

-41.589 

39.5515 

group 16 

-28.939 

-69.315 

40.3755 

group 13 

-55.631 

-97.041 

41.4101 

group48 

-27.691 

-69.315 

41.6241 

group 1 1 

-36.317 

-97.041 

60.7237 

group39 

-74.125 

-138.63 

64.5036 

group50 

-32.429 

-97.041 

64.612 

group45 

-17.258 

-83.178 

65.9199 

group4 1 

-84.232 

-152.49 

68.2597 

group28 

-47.582 

-124.77 

77.1841 

group  1 8 

-4.4018 

-83.178 

78.7759 

group7 

-155.67 

-235.67 

80.005 

group29 

-30.326 

-110.9 

80.5777 

group25 

-28.605 

-110.9 

82.299 

group37 

-53.644 

-138.63 

84.9855 

group3 

-35.394 

-124.77 

89.3723 

group  14 

-145.51 

-235.67 

90.161 

group44 

-33.385 

-124.77 

91.3808 

group22 

-128.79 

-221.81 

93.016 

group9 

-79.036 

-180.22 

101.182 

group  19 

-32.575 

-138.63 

106.054 

group49 

-17.544 

-124.77 

107.222 

group  15 

-84.789 

-194.08 

109.292 

group40 

-13.795 

-124.77 

110.971 

group23 

-24.021 

-138.63 

114.608 

group33 

-65.601 

-180.22 

114.618 

group20 

-61.831 

-180.22 

118.387 
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Table  F. 5— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group34 

-58.746 

-180.22 

121.472 

group42 

-10.227 

-138.63 

128.403 

group5 

-8.1082 

-152.49 

144.384 

group26 

-32.764 

-180.22 

147.454 

group4 

-178.83 

-346.57 

167.74 

group 12 

-150.98 

-318.85 

167.866 

group46 

-81.439 

-249.53 

168.094 

group43 

-147.43 

-332.71 

185.278 

group24 

-42.973 

-235.67 

192.697 

group2 

-36.603 

-235.67 

199.067 

group  1 

-104.03 

-332.71 

228.677 

group8 

-102.24 

-402.03 

299.786 

Table  F.6:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.1  and  Population  Scheme  B 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group35 

-34.946 

-69.315 

34.3689 

group38 

-2.1232 

-41.589 

39.4656 

group 16 

-29.463 

-69.315 

39.8513 

group  1 1 

-36.65 

-97.041 

60.3905 

group50 

-32.175 

-97.041 

64.8657 

group28 

-47.285 

-124.77 

77.4814 

group 18 

-4.5471 

-83.178 

78.6306 

group29 

-30.041 

-110.9 

80.8635 

group3 1 

-0.7183 

-83.178 

82.4594 

group 17 

-10.041 

-97.041 

86.9992 

group3 

-35.406 

-124.77 

89.36 

group27 

-27.009 

-124.77 

97.7567 

group9 

-79.198 

-180.22 

101.02 

group47 

-62.249 

-166.36 

104.106 

group 19 

-32.559 

-138.63 

106.07 

group49 

-17.24 

-124.77 

107.526 

group23 

-23.853 

-138.63 

114.776 

group39 

-93.093 

-207.94 

114.851 

group40 

-37.172 

-152.49 

115.32 

group  13 

-8.3441 

-124.77 

116.422 
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Table  F. 6— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group20 

-61.894 

-180.22 

118.324 

group34 

-57.822 

-180.22 

122.396 

group48 

-7.235 

-138.63 

131.394 

group45 

-45.869 

-180.22 

134.35 

group5 

-7.9278 

-152.49 

144.564 

group26 

-32.174 

-180.22 

148.044 

group25 

-57.57 

-207.94 

150.374 

group32 

-42.49 

-194.08 

151.591 

group43 

-167.01 

-318.85 

151.837 

group  15 

-38.307 

-194.08 

155.774 

group33 

-7.0348 

-166.36 

159.32 

group37 

-54.881 

-221.81 

166.926 

group  12 

-150.52 

-318.85 

168.324 

group46 

-80.702 

-249.53 

168.832 

group42 

-7.3381 

-180.22 

172.88 

group22 

-32.425 

-207.94 

175.519 

group41 

-27.994 

-207.94 

179.95 

group24 

-42.798 

-235.67 

192.873 

group7 

-40.054 

-235.67 

195.616 

group2 

-35.395 

1-235.67 

200.275 

group44 

-13.289 

-235.67 

222.381 

group 1 

-102.92 

-332.71 

229.79 

group4 

-88.451 

-318.85 

230.397 

group  10 

-61.705 

-318.85 

257.143 

group  14 

-46.663 

-304.99 

258.322 

group8 

-102.27 

-402.03 

299.756 

195 


Table  F.7:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.1  and  Population  Scheme  C 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log 

Difference 

group36 

0 

0 

0 

group30 

-1.1027 

-27.726 

26.6232 

group35 

-21.011 

-55.452 

34.4411 

group38 

-3.646 

-55.452 

51.8058 

group  1 1 

-5.0374 

-83.178 

78.1403 

group 18 

-4.4422 

-83.178 

78.7355 

group50 

-2.8554 

-83.178 

80.3223 

group 16 

-2.764 

-83.178 

80.4137 

group29 

-30.238 

-110.9 

80.6664 

group3 1 

-29.954 

-110.9 

80.9501 

group 17 

-8.2226 

-110.9 

102.681 

group 13 

-6.2151 

-110.9 

104.689 

group27 

-5.9944 

-110.9 

104.91 

group28 

-5.6725 

-110.9 

105.232 

group49 

-5.4934 

-110.9 

105.411 

group  1 9 

-32.567 

-138.63 

106.062 

group3 

-25.067 

-138.63 

113.562 

group23 

-23.969 

-138.63 

'114.66 

group26 

-42.344 

-166.36 

124.011 

group48 

-8.4271 

-138.63 

130.202 

group40 

-6.633 

-138.63 

131.996 

group42 

-26.571 

-166.36 

139.784 

group45 

-43.959 

-194.08 

150.122 

group32 

-43.14 

-194.08 

150.941 

group20 

-40.73 

-194.08 

153.351 

group34 

-40.465 

-194.08 

153.616 

group 1 5 

-38.156 

-194.08 

155.925 

group5 

-8.9006 

-166.36 

157.454 

group47 

-8.8844 

-166.36 

157.471 

group9 

-8.4649 

-166.36 

157.89 

group33 

-7.0799 

-166.36 

159.275 

group25 

-39 

-221.81 

182.807 

group4 1 

-38.746 

-221.81 

183.061 

group7 

-38.277 

-221.81 

183.53 
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Table  F. 7— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group46 

-49.997 

-249.53 

199.536 

group2 

-12.182 

-221.81 

209.625 

group44 

-11.669 

-221.81 

210.138 

group39 

-10.949 

-221.81 

210.858 

group37 

-10.71 

-221.81 

211.097 

group22 

-10.536 

-221.81 

211.271 

group24 

-35.404 

-249.53 

214.129 

group  10 

-83.694 

-304.99 

221.291 

group43 

-49.466 

-304.99 

255.519 

group  1 

-41.989 

1-332.71 

290.722 

group 14 

-13.956 

-304.99 

291.029 

group4 

-17.307 

-332.71 

315.405 

group 12 

-15.923 

-332.71 

316.788 

group8 

-23.507 

-415.89 

392.381 

Table  F.8:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.1  and  Population  Scheme  D 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group30 

0 

0 

0 

group35 

0 

0 

0 

group36 

0 

0 

0 

group38 

0 

0 

0 

group49 

-20.216 

-55.452 

35.2357 

group  18 

-7.2591 

-55.452 

48.1927 

group29 

-5.899 

-55.452 

49.5528 

group28 

-5.7833 

-55.452 

49.6685 

group 17 

-5.6999 

-55.452 

49.752 

group27 

-5.6779 

-55.452 

49.7739 

group  16 

-5.6715 

-55.452 

49.7803 

group  1 1 

-5.6475 

-55.452 

49.8043 

group  1 3 

-5.6318 

-55.452 

49.82 

group50 

-5.291 

-55.452 

50.1608 

group3 1 

-1.053 

-55.452 

54.3989 

group42 

-30.835 

-110.9 

80.0689 

Table  F. 8— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group26 

-28.422 

-110.9 

82.4816 

group3 

-28.364 

-110.9 

82.5399 

group23 

-24.154 

-110.9 

86.7497 

group47 

-12.371 

-110.9 

98.5331 

group40 

-11.596 

-110.9 

99.3081 

group5 

-11.447 

-110.9 

99.4566 

group33 

-11.242 

-110.9 

99.6617 

group48 

-10.667 

-110.9 

100.237 

group9 

-10.358 

-110.9 

100.546 

group20 

-63.696 

-166.36 

102.659 

group  1 9 

-7.0473 

-110.9 

103.857 

group 15 

-61.716 

-166.36 

104.639 

group25 

-56.444 

-166.36 

109.911 

group4 1 

-43.578 

-166.36 

122.777 

group32 

-43.57 

-166.36 

122.785 

group34 

-37.078 

-166.36 

129.277 

group45 

-37.035 

-166.36 

129.32 

group39 

-36.934 

-166.36 

129.421 

group2 

-36.671 

-166.36 

129.684 

group22 

-36.405 

-166.36 

129.951 

group44 

-17.113 

-166.36 

149.242 

group7 

-17.022 

-166.36 

149.334 

group37 

-16.813 

-166.36 

149.542 

group46 

-34.675 

-221.81 

187.132 

group43 

-78.657 

-277.26 

198.602 

group24 

-22.498 

-221.81 

199.309 

group  10 

-57.415 

-277.26 

219.844 

group  1 4 

-55.848 

-277.26 

221.411 

group4 

-38.237 

-277.26 

239.022 

group  12 

-29.939 

-277.26 

247.32 

group  1 

-22.751 

-277.26 

254.508 

group8 

-40.165 

-388.16 

347.997 
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Table  F.9:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.5  and  Population  Scheme  A 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability’  (Log) 

Difference 

group27 

0 

0 

0 

group 30 

0 

0 

0 

group3 1 

0 

0 

0 

group36 

0 

0 

0 

group  1 0 

-6.6167 

-27.726 

21.1092 

group32 

-4.8922 

-27.726 

22.8337 

group47 

-120.65 

-152.49 

31.838 

group35 

-35.001 

-69.315 

34.3141 

group  1 7 

-5.2023 

-41.589 

36.3865 

group38 

-2.1028 

-41.589 

39.486 

group  1 6 

-29.355 

-69.315 

39.9597 

group  13 

-55.674 

-97.041 

41.3664 

group48 

-26.385 

-69.315 

42.9296 

group  1 1 

-36.547 

-97.041 

60.4938 

group39 

-74.037 

-138.63 

64.5923 

group50 

-32.219 

-97.041 

64.8215 

group45 

-16.395 

-83.178 

66.7829 

group4 1 

-83.956 

-152.49 

68.5363 

group28 

-47.342 

-124.77 

77.4236 

group  1 8 

-4.5145 

-83.178 

78.6632 

group7 

-155.2 

-235.67 

80.466 

group29 

-30.097 

-110.9 

80.8069 

group25 

-28.444 

-110.9 

82.4605 

group37 

-53.773 

-138.63 

84.8556 

group3 

-35.407 

-124.77 

89.359 

group  14 

-145.38 

-235.67 

90.292 

group44 

-33.03 

'-124.77 

91.736 

group22 

-129.35 

-221.81 

92.455 

group9 

-79.153 

-180.22 

101.065 

group  19 

-32.56 

-138.63 

106.069 

group49 

-17.289 

-124.77 

107.477 

group  1 5 

-85.483 

-194.08 

108.598 

group40 

-13.229 

-124.77 

111.537 

group33 

-65.479 

-180.22 

114.739 

group23 

-23.886 

-138.63 

114.743 

group20 

-61.872 

-180.22 

118.346 
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Table  F. 9— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

groupS 4 

-57.989 

-180.22 

122.229 

group42 

-10.153 

-138.63 

128.476 

group5 

-7.9436 

-152.49 

144.548 

group26 

-32.23 

-180.22 

147.988 

group4 

-178.55 

-346.57 

168.027 

group 1 2 

-150.52 

-318.85 

168.33 

group46 

-80.792 

-249.53 

168.742 

group43 

-147.46 

-332.71 

185.25 

group24 

-42.737 

-235.67 

192.933 

group2 

'-35.579 

-235.67 

200.091 

group  1 

-103.08 

-332.71 

229.636 

group8 

-102.2 

-402.03 

299.829 

Table  F.10:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.5  and  Population  Scheme  B 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group35 

-35.001 

-69.315 

34.3141 

group38 

-2.1028 

-41.589 

39.486 

group  16 

-29.355 

-69.315 

39.9597 

group  1 1 

-36.547 

-97.041 

60.4938 

group50 

-32.219 

-97.041 

64.8215 

group28 

-47.342 

-124.77 

77.4236 

group  1 8 

-4.5145 

-83.178 

78.6632 

group29 

-30.097 

-110.9 

80.8069 

group3 1 

-0.6858 

-83.178 

82.4919 

group  1 7 

-10.446 

-97.041 

86.5947 

group3 

-35.407 

-124.77 

89.359 

group27 

1-27.142 

-124.77 

97.6245 

group9 

-79.153 

-180.22 

101.065 

group47 

-62.268 

-1 66.36 

104.087 

group  19 

-32.56 

-138.63 

106.069 

group49 

-17.289 

-124.77 

107.477 

group23 

-23.886 

-138.63 

114.743 

group39 

-92.972 

-207.94 

1 14.972 

group40 

-37.155 

-152.49 

115.338 
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Table  F.  10— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group 13 

-8.4099 

-124.77 

116.356 

group20 

-61.872 

-180.22 

118.346 

group34 

-57.989 

-180.22 

122.229 

group48 

-7.4739 

-138.63 

131.155 

group45 

-45.775 

-180.22 

134.443 

groupS 

-7.9436 

-152.49 

144.548 

group26 

-32.23 

-180.22 

147.988 

group25 

-57.675 

-207.94 

150.269 

group32 

-42.514 

-194.08 

151.567 

group43 

-166.95 

-318.85 

151.898 

group  1 5 

-38.261 

-194.08 

155.82 

group33 

-7.0474 

-166.36 

159.308 

group37 

-55.05 

-221.81 

166.757 

group  12 

-150.52 

-318.85 

168.33 

group46 

-80.792 

-249.53 

168.742 

group42 

-7.3325 

-180.22 

172.885 

group22 

-32.267 

-207.94 

175.677 

group4 1 

-28.201 

-207.94 

179.743 

group24 

'-42.737 

-235.67 

192.933 

group7 

-40.074 

-235.67 

195.596 

group2 

-35.579 

-235.67 

200.091 

group44 

-13.418 

-235.67 

222.252 

group  1 

-103.08 

-332.71 

229.636 

group4 

-88.171 

-318.85 

230.677 

group  10 

-61.674 

-318.85 

257.174 

group  14 

-46.59 

-304.99 

258.395 

group8 

-102.2 

-402.03 

299.829 
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Table  F.l  1:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.5  and  Population  Scheme  C 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

groupS 6 

0 

0 

0 

group30 

-1.2771 

-27.726 

26.4488 

group35 

-20.813 

-55.452 

34.639 

group38 

-3.52 

-55.452 

51.9318 

group  1 1 

-5.0498 

-83.178 

78.1279 

group  1 8 

-4.5145 

-83.178 

78.6632 

group50 

-2.8743 

-83.178 

80.3034 

group  16 

-2.8677 

-83.178 

80.31 

group3 1 

-30.117 

-110.9 

80.7875 

group29 

-30.097 

-110.9 

80.8069 

group 1 7 

-7.3638 

-110.9 

103.54 

group 13 

-6.1146 

-110.9 

104.789 

group27 

-5.8359 

-110.9 

105.068 

group28 

-5.5515 

-110.9 

105.352 

group49 

-5.4369 

-110.9 

105.467 

group 19 

-32.56 

-138.63 

106.069 

group3 

-24.825 

-138.63 

113.804 

group23 

-23.886 

-138.63 

114.743 

group26 

-42.223 

-166.36 

124.132 

group48 

-7.4739 

-138.63 

131.155 

group40 

-6.2567 

-138.63 

132.372 

group42 

-26.679 

-166.36 

139.676 

group45 

-44.116 

-194.08 

149.965 

group32 

-43.264 

-194.08 

150.817 

group20 

-40.731 

-194.08 

153.35 

group34 

-40.341 

-194.08 

153.74 

group  1 5 

-38.261 

-194.08 

155.82 

group47 

-8.9287 

-166.36 

157.426 

groupS 

-8.7884 

-166.36 

157.567 

group9 

-8.4766 

-166.36 

157.878 

group33 

-7.0474 

-166.36 

159.308 

group25 

-38.72 

-221.81 

183.087 

group41 

-38.405 

-221.81 

183.402 

group7 

-38.225 

-221.81 

183.582 

group46 

-49.975 

-249.53 

199.558 

group2 

-12.068 

-221.81 

209.739 
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Table  F.  1 1 —Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group44 

-11.499 

-221.81 

210.308 

group39 

-10.956 

-221.81 

210.851 

group22 

-10.748 

-221.81 

211.059 

group37 

-10.433 

-221.81 

211.374 

group24 

-35.408 

-249.53 

214.126 

group 10 

-83.703 

-304.99 

221.282 

group43 

-49.489 

-304.99 

255.496 

group  14 

-14.115 

-304.99 

290.87 

group  1 

-41.614 

-332.71 

291.097 

group4 

-17.626 

-332.71 

315.086 

group  12 

-15.708 

-332.71 

317.003 

group8 

-23.192 

-415.89 

392.696 

Table  F.12:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.5  and  Population  Scheme  D 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group30 

0 

0 

0 

group35 

0 

0 

0 

group36 

0 

0 

0 

group38 

0 

0 

0 

group49 

-20.117 

-55.452 

35.3347 

group  1 8 

-7.3919 

-55.452 

48.0599 

group29 

-5.8767 

-55.452 

49.5751 

group28 

-5.8439 

-55.452 

49.6079 

group  17 

-5.6648 

-55.452 

49.787 

group27 

-5.6549 

-55.452 

49.7969 

group 16 

1-5.6452 

-55.452 

49.8066 

group  1 1 

-5.6389 

-55.452 

49.8129 

group  1 3 

-5.6358 

'-55.452 

49.816 

group5 0 

-5.5297 

-55.452 

49.9221 

group3 1 

-1.2115 

-55.452 

54.2403 

group42 

-30.254 

-110.9 

80.65 

group3 

-28.491 

-110.9 

82.4133 

group26 

-27.927 

-110.9 

82.9772 

group23 

-24.419 

-110.9 

86.4847 

group47 

-12.358 

-110.9 

98.5458 
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Table  F.  12— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group40 

-11.47 

-110.9 

99.4336 

group5 

-11.33 

-110.9 

99.5742 

group33 

-11.195 

-110.9 

99.7095 

group48 

-10.594 

-110.9 

100.31 

group9 

-10.416 

-110.9 

100.488 

group20 

-63.676 

-1 66.36 

102.68 

group  19 

-7.0898 

-110.9 

103.814 

group 1 5 

-61.993 

-166.36 

104.362 

group25 

-56.147 

-166.36 

110.209 

group32 

-43.434 

-166.36 

122.921 

group4 1 

-42.879 

-166.36 

123.476 

group39 

-36.943 

-166.36 

129.412 

group34 

-36.94 

-166.36 

129.415 

group45 

-36.731 

-166.36 

129.624 

group22 

-36.324 

-166.36 

130.031 

group2 

-36.273 

-166.36 

130.082 

group44 

-17.087 

-166.36 

149.268 

group37 

-16.856 

-166.36 

149.499 

group7 

-16.217 

-166.36 

150.138 

group46 

-35.359 

-221.81 

186.448 

group43 

-78.676 

-277.26 

198.584 

group24 

-22.359 

-221.81 

199.448 

group 10 

-56.722 

-277.26 

220.537 

group  14 

-55.668 

-277.26 

221.591 

group4 

-38.609 

-277.26 

238.65 

group 12 

-29.264 

-277.26 

247.995 

group  1 

-22.611 

-277.26 

254.648 

group8 

-40.355 

-388.16 

347.807 
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Table  F.13:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.9  and  Population  Scheme  A 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group27 

0 

0 

0 

group3 0 

0 

0 

0 

group3 1 

0 

0 

0 

group36 

0 

0 

0 

group  1 0 

-6.6122 

-27.726 

21.1137 

group3 2 

-4.8966 

-27.726 

22.8293 

group47 

-120.67 

-152.49 

31.825 

group35 

-34.953 

-69.315 

34.3614 

group  17 

-5.1383 

-41.589 

36.4505 

group38 

-2.1203 

-41.589 

39.4685 

group  16 

-29.449 

-69.315 

39.866 

group  1 3 

-55.693 

-97.041 

41.348 

group48 

-26.25 

-69.315 

43.0649 

group  1 1 

-36.635 

-97.041 

60.406 

group39 

-74.018 

-138.63 

64.6108 

group50 

-32.181 

-97.041 

64.8599 

group45 

-16.221 

-83.178 

66.9569 

group4 1 

-83.903 

-152.49 

68.5887 

group28 

-47.292 

-124.77 

77.4736 

group 1 8 

-4.5426 

-83.178 

78.6352 

group7 

-155.11 

-235.67 

80.564 

group29 

-30.048 

-110.9 

80.8559 

group25 

-28.432 

-110.9 

82.4724 

group3 7 

-53.794 

-138.63 

84.8349 

group3 

-35.406 

-124.77 

89.3598 

group  14 

-145.35 

-235.67 

90.317 

group44 

-32.973 

-124.77 

91.7926 

group22 

-129.52 

-221.81 

92.287 

group9 

-79.192 

-180.22 

101.027 

group  19 

-32.559 

-138.63 

106.07 

group49 

-17.247 

-124.77 

107.52 

group  15 

-85.633 

-194.08 

108.449 

group40 

-13.128 

-124.77 

111.638 

group33 

-65.452 

-180.22 

114.766 

group23 

-23.858 

-138.63 

114.771 

group20 

-61.891 

-180.22 

118.327 
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Table  F.13-Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group34 

-57.844 

-180.22 

122.374 

group42 

-10.177 

-138.63 

128.452 

group5 

-7.9293 

-152.49 

144.563 

group26 

-32.18 

-180.22 

148.038 

group4 

-178.51 

-346.57 

168.06 

group 12 

-150.52 

-318.85 

168.327 

group46 

-80.712 

-249.53 

168.821 

group43 

-147.47 

-332.71 

185.243 

group24 

-42.787 

-235.67 

192.883 

group2 

-35.418 

-235.67 

200.252 

group  1 

-102.94 

-332.71 

229.771 

group 8 

-102.26 

-402.03 

299.768 

Table  F.14:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.9  and  Population  Scheme  B 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group35 

-34.953 

-69.315 

34.3614 

group38 

-2.1203 

-41.589 

39.4685 

group 1 6 

-29.449 

-69.315 

39.866 

group  1 1 

-36.635 

-97.041 

60.406 

group50 

-32.181 

-97.041 

64.8599 

group28 

-47.292 

-124.77 

77.4736 

group 18 

-4.5426 

-83.178 

78.6352 

group29 

-30.048 

-110.9 

80.8559 

group3 1 

-0.7139 

-83.178 

82.4638 

group 17 

-10.093 

-97.041 

86.9472 

group3 

-35.406 

-124.77 

89.3598 

group27 

-27.026 

-124.77 

97.7405 

group9 

-79.192 

-180.22 

101.027 

group47 

-62.252 

-166.36 

104.103 

group  1 9 

-32.559 

-138.63 

106.07 

group49 

-17.247 

-124.77 

107.52 

group23 

-23.858 

-138.63 

114.771 

group39 

-93.075 

-207.94 

114.869 

group40 

-37.17 

-152.49 

115.322 
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Table  F.14-Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group 1 3 

-8.3526 

-124.77 

116.413 

group20 

-61.891 

-180.22 

118.327 

group34 

-57.844 

-180.22 

122.374 

group48 

-7.2642 

-138.63 

131.365 

group45 

-45.855 

-180.22 

134.363 

group5 

-7.9293 

-152.49 

144.563 

group26 

-32.18 

-180.22 

148.038 

group25 

-57.583 

-207.94 

150.361 

group32 

-42.493 

-194.08 

151.588 

group43 

-167 

-318.85 

151.845 

group 1 5 

-38.301 

-194.08 

155.78 

group33 

-7.0365 

-166.36 

159.319 

group37 

-54.899 

-221.81 

166.908 

group  12 

-150.52 

-318.85 

168.327 

group46 

-80.712 

-249.53 

168.821 

group42 

-7.3366 

-180.22 

172.881 

group22 

-32.403 

-207.94 

175.541 

group41 

-28.021 

-207.94 

179.923 

group24 

-42.787 

-235.67 

192.883 

group7 

-40.057 

-235.67 

195.613 

group2 

-35.418 

-235.67 

200.252 

group44 

-13.305 

-235.67 

222.365 

group  1 

-102.94 

-332.71 

229.771 

group4 

-88.41 

-318.85 

230.438 

group 10 

-61.699 

-318.85 

257.149 

group  1 4 

-46.653 

-304.99 

258.333 

group8 

-102.26 

-402.03 

299.768 
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Table  F.15:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.9  and  Population  Scheme  C 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group36 

0 

0 

0 

group30 

-1.3369 

-27.726 

26.389 

group35 

-20.74 

-55.452 

34.7118 

group38 

-3.4805 

-55.452 

51.9713 

group 1 1 

-5.0668 

-83.178 

78.1109 

group  1 8 

-4.5426 

-83.178 

78.6352 

group 1 6 

-2.9073 

-83.178 

80.2704 

group50 

-2.8799 

-83.178 

80.2978 

group3 1 

-30.173 

-110.9 

80.7315 

group29 

-30.048 

-110.9 

80.8559 

group  17 

-7.1338 

-110.9 

103.77 

group  1 3 

-6.0859 

-110.9 

104.818 

group27 

-5.8092 

-110.9 

105.095 

group28 

-5.5067 

-110.9 

105.397 

group49 

-5.4203 

-110.9 

105.484 

group 19 

-32.559 

-138.63 

106.07 

group3 

-24.768 

-138.63 

113.862 

group23 

-23.858 

-138.63 

114.771 

group26 

-42.206 

-166.36 

124.149 

group48 

-7.2642 

-138.63 

131.365 

group40 

-6.1443 

-138.63 

132.485 

group42 

'-26.745 

-166.36 

139.61 

group45 

-44.172 

-194.08 

149.909 

group32 

-43.311 

-194.08 

150.77 

group20 

-40.741 

-194.08 

153.34 

group34 

-40.31 

-194.08 

153.772 

group  15 

-38.301 

-194.08 

155.78 

group47 

-8.9471 

-166.36 

157.408 

group5 

-8.7635 

-166.36 

157.592 

group9 

-8.4867 

-166.36 

157.868 

group33 

-7.0365 

-166.36 

159.319 

group25 

-38.653 

-221.81 

183.154 

group41 

-38.311 

-221.81 

183.497 

group7 

-38.217 

-221.81 

183.59 
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Table  F.  15— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group46 

-49.997 

-249.53 

199.536 

group2 

-12.074 

-221.81 

209.733 

group44 

-11.463 

-221.81 

210.344 

group39 

-10.982 

-221.81 

210.825 

group22 

-10.847 

-221.81 

210.961 

group37 

-10.393 

-221.81 

211.414 

group24 

-35.461 

-249.53 

214.072 

group  1 0 

-83.74 

-304.99 

221.245 

group43 

-49.497 

-304.99 

255.488 

group  1 4 

-14.186 

-304.99 

290.799 

group 1 

-41.515 

-332.71 

291.197 

group4 

-17.799 

-332.71 

314.912 

group 12 

-15.669 

-332.71 

317.043 

group8 

-23.102 

-415.89 

392.786 

Table  F.16:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 0.9  and  Population  Scheme  D 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group30 

0 

0 

0 

group35 

0 

0 

0 

group36 

0 

0 

0 

group38 

0 

0 

0 

group49 

-20.088 

-55.452 

35.3639 

group  1 8 

-7.4427 

-55.452 

48.0091 

group29 

-5.8686 

-55.452 

49.5832 

group28 

-5.8668 

-55.452 

49.585 

group 17 

-5.657 

-55.452 

49.7948 

group27 

-5.6518 

-55.452 

49.8 

group  1 1 

-5.6459 

-55.452 

49.8059 

group  13 

-5.6399 

-55.452 

49.8119 

group  16 

-5.6356 

-55.452 

49.8162 

group50 

-5.6124 

-55.452 

49.8395 

group3 1 

-1.2676 

-55.452 

54.1842 

group42 

-30.113 

-110.9 

80.7914 

Table  F.  16— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group3 

-28.532 

-110.9 

82.3722 

group26 

-27.814 

-110.9 

83.0896 

group23 

-24.517 

-110.9 

86.3869 

group47 

-12.359 

-110.9 

98.5446 

group40 

-11.431 

-110.9 

99.4735 

group5 

-11.306 

-110.9 

99.5978 

group33 

-11.178 

-110.9 

99.7261 

group48 

-10.574 

-110.9 

100.33 

group9 

-10.441 

-110.9 

100.464 

group20 

-63.688 

-166.36 

102.667 

group  19 

-7.1051 

-110.9 

103.799 

group 15 

-62.091 

-166.36 

104.264 

group25 

-56.074 

-166.36 

110.281 

group32 

-43.395 

-166.36 

122.96 

group4 1 

-42.684 

-166.36 

123.671 

group39 

-36.972 

-166.36 

129.383 

group34 

-36.91 

-166.36 

129.445 

group45 

-36.63 

-166.36 

129.725 

group22 

-36.304 

-166.36 

130.052 

group2 

-36.185 

-166.36 

130.17 

group44 

-17.087 

-166.36 

149.268 

group37 

-16.881 

-166.36 

149.474 

group7 

-15.955 

-166.36 

150.4 

group46 

-35.668 

-221.81 

186.139 

group43 

-78.685 

-277.26 

198.574 

group24 

-22.366 

-221.81 

199.441 

group  10 

-56.529 

-277.26 

220.731 

group  1 4 

-55.624 

-277.26 

221.635 

group4 

-38.824 

-277.26 

238.435 

group  12 

-29.116 

-277.26 

248.143 

group  1 

-22.592 

-277.26 

254.667 

group8 

-40.479 

-388.16 

347.683 
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Table  F.17:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 1 .0  and  Population  Scheme  A 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group27 

0 

0 

0 

group30 

0 

0 

0 

group3 1 

0 

0 

0 

group36 

0 

0 

0 

group 1 0 

-6.6115 

-27.726 

21.1144 

group32 

-4.8973 

-27.726 

22.8286 

group47 

-120.67 

-152.49 

31.823 

group35 

-34.946 

-69.315 

34.3689 

group 17 

-5.1287 

-41.589 

36.4601 

group38 

-2.1232 

-41.589 

39.4656 

group  16 

-29.463 

-69.315 

39.8513 

group 13 

-55.696 

-97.041 

41.3448 

group48 

-26.231 

-69.315 

43.0841 

group  1 1 

-36.65 

-97.041 

60.3905 

group39 

-74.015 

-138.63 

64.6137 

groupSO 

-32.175 

-97.041 

64.8657 

group45 

-16.194 

-83.178 

66.9837 

group41 

-83.895 

-152.49 

68.5967 

group28 

-47.285 

-124.77 

77.4814 

group  1 8 

-4.5471 

-83.178 

78.6306 

group7 

-155.09 

1-235.67 

80.579 

group29 

-30.041 

-110.9 

80.8635 

group25 

-28.43 

-110.9 

82.4736 

group37 

-53.797 

-138.63 

84.8319 

group3 

-35.406 

-124.77 

89.36 

group  14 

-145.35 

-235.67 

90.321 

group44 

-32.965 

-124.77 

91.8009 

group22 

-129.55 

-221.81 

92.259 

group9 

-79.198 

-180.22 

101.02 

group  19 

-32.559 

-138.63 

106.07 

group49 

-17.24 

-124.77 

107.526 

group 15 

-85.656 

-194.08 

108.425 

group40 

-13.113 

-124.77 

111.653 

group33 

-65.448 

-180.22 

114.77 

group23 

-23.853 

-138.63 

114.776 

group20 

-61.894 

-180.22 

118.324 
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Table  F.  17— Continued 


Group 

Number 

Fitted  Path 
Probability'  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group34 

-57.822 

-180.22 

122.396 

group42 

-10.181 

-138.63 

128.448 

group5 

-7.9278 

-152.49 

144.564 

group26 

-32.174 

-180.22 

148.044 

group4 

-178.51 

-346.57 

168.065 

group  1 2 

-150.52 

-318.85 

168.324 

group46 

-80.702 

-249.53 

168.832 

group43 

-147.47 

-332.71 

185.242 

group24 

-42.798 

-235.67 

192.873 

group2 

-35.395 

1-235.67 

200.275 

group  1 

-102.92 

-332.71 

229.79 

group 8 

-102.27 

-402.03 

299.756 

Table  F.18:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 1 .0  and  Population  Scheme  B 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group35 

-34.946 

-69.315 

34.3689 

group38 

-2.1232 

-41.589 

39.4656 

group  1 6 

-29.463 

-69.315 

39.8513 

group  1 1 

-36.65 

-97.041 

60.3905 

group50 

-32.175 

-97.041 

64.8657 

group28 

-47.285 

-124.77 

77.4814 

group  18 

-4.5471 

-83.178 

78.6306 

group29 

-30.041 

-110.9 

80.8635 

group3 1 

-0.7183 

-83.178 

82.4594 

group  1 7 

-10.041 

-97.041 

86.9992 

group3 

-35.406 

-124.77 

89.36 

group27 

-27.009 

-124.77 

97.7567 

group9 

-79.198 

-180.22 

101.02 

group47 

-62.249 

-166.36 

104.106 

group  1 9 

-32.559 

-138.63 

106.07 

group49 

-17.24 

-124.77 

107.526 

group23 

-23.853 

-138.63 

114.776 

group39 

-93.093 

-207.94 

114.851 

group40 

-37.172 

-152.49 

115.32 

group  13 

-8.3441 

-124.77 

116.422 

group20 

-61.894 

-180.22 

118.324 
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Table  F.  18— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group34 

-57.822 

-180.22 

122.396 

group48 

-7.235 

-138.63 

131.394 

group45 

-45.869 

-180.22 

134.35 

group5 

-7.9278 

-152.49 

144.564 

group26 

-32.174 

-180.22 

148.044 

group25 

-57.57 

-207.94 

150.374 

group32 

-42.49 

-194.08 

151.591 

group43 

-167.01 

-318.85 

151.837 

group 15 

-38.307 

-194.08 

155.774 

group33 

-7.0348 

-166.36 

159.32 

group37 

-54.881 

-221.81 

166.926 

group  1 2 

-150.52 

-318.85 

168.324 

group46 

-80.702 

-249.53 

168.832 

group42 

-7.3381 

-180.22 

172.88 

group22 

-32.425 

1-207.94 

175.519 

group4 1 

-27.994 

-207.94 

179.95 

group24 

-42.798 

-235.67 

192.873 

group7 

-40.054 

-235.67 

195.616 

group2 

1-35.395 

-235.67 

200.275 

group44 

-13.289 

-235.67 

222.381 

group  1 

-102.92 

-332.71 

229.79 

group4 

-88.451 

-318.85 

230.397 

group  1 0 

-61.705 

-318.85 

257.143 

group  1 4 

-46.663 

-304.99 

258.322 

group8 

-102.27 

-402.03 

299.756 
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Table  F.19:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 1 .0  and  Population  Scheme  C 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group36 

0 

0 

0 

group30 

-1.3462 

-27.726 

26.3797 

group35 

-20.729 

-55.452 

34.7233 

group38 

-3.4745 

-55.452 

51.9773 

group  1 1 

-5.0702 

-83.178 

78.1075 

group  1 8 

-4.5471 

-83.178 

78.6306 

group  1 6 

-2.9136 

-83.178 

80.2641 

groupSO 

-2.8807 

-83.178 

80.297 

group3 1 

-30.181 

-110.9 

80.7228 

group29 

-30.041 

-110.9 

80.8635 

group  17 

-7.1003 

-110.9 

103.804 

group 13 

-6.0817 

-110.9 

104.822 

group27 

-5.8062 

-110.9 

105.098 

group28 

-5.4996 

-110.9 

105.404 

group49 

-5.4179 

-110.9 

105.486 

group  19 

-32.559 

-138.63 

106.07 

group3 

-24.759 

-138.63 

113.87 

group23 

-23.853 

-138.63 

114.776 

group26 

-42.204 

-166.36 

124.151 

group48 

-7.235 

-138.63 

131.394 

group40 

-6.1275 

-138.63 

132.502 

group42 

-26.756 

-166.36 

139.599 

group45 

-44.181 

-194.08 

149.9 

group32 

-43.319 

-194.08 

150.762 

group20 

-40.743 

-194.08 

153.338 

group34 

-40.305 

-194.08 

153.776 

group 1 5 

-38.307 

-194.08 

155.774 

group47 

-8.9502 

-166.36 

157.405 

group5 

-8.7603 

-166.36 

157.595 

group9 

-8.4886 

-166.36 

157.866 

group33 

-7.0348 

-166.36 

159.32 

group25 

-38.644 

-221.81 

183.163 

group41 

-38.297 

-221.81 

183.51 

group7 

-38.217 

-221.81 

183.591 

group46 

-50.002 

-249.53 

199.531 

group2 

-12.078 

-221.81 

209.729 
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Table  F.19-Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group44 

-11.458 

-221.81 

210.349 

group 3 9 

-10.988 

-221.81 

210.819 

group22 

-10.863 

-221.81 

210.944 

group37 

-10.388 

-221.81 

211.419 

group24 

-35.472 

-249.53 

214.061 

group 10 

-83.748 

-304.99 

221.237 

group43 

-49.498 

-304.99 

255.487 

group 1 4 

-14.198 

-304.99 

290.787 

group  1 

-41.501 

-332.71 

291.211 

group4 

-17.83 

-332.71 

314.881 

group 12 

-15.664 

-332.71 

317.047 

group8 

-23.09 

-415.89 

392.798 

Table  F.20:  Log  Differences  in  Path  Probabilities  between  Fitted  Path  and  Random  Path 
for  All  Groups  Incentive  Weight  = 1 .0  and  Population  Scheme  D 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group30 

0 

0 

0 

group35 

0 

0 

0 

group36 

0 

0 

0 

group38 

0 

0 

0 

group49 

-20.084 

-55.452 

35.3683 

group  1 8 

-7.4509 

-55.452 

48.0009 

group28 

-5.8705 

-55.452 

49.5813 

group29 

-5.8673 

-55.452 

49.5845 

group  1 7 

-5.656 

-55.452 

49.7958 

group27 

-5.6516 

-55.452 

49.8002 

group  1 1 

-5.6476 

-55.452 

49.8042 

group  13 

-5.6406 

-55.452 

49.8112 

group  16 

-5.6341 

-55.452 

49.8177 

group50 

-5.6252 

-55.452 

49.8266 

group3 1 

-1.2764 

-55.452 

54.1754 

group42 

-30.093 

-110.9 

80.8115 

group3 

-28.538 

-110.9 

82.3659 

group26 

-27.799 

-110.9 

83.1046 

group23 

-24.533 

-110.9 

86.3715 

Table  F. 20— Continued 


Group 

Number 

Fitted  Path 
Probability  (Log) 

Random  Path 
Probability  (Log) 

Difference 

group47 

-12.36 

-110.9 

98.5441 

group40 

-11.425 

-110.9 

99.4795 

group5 

-11.303 

-110.9 

99.6006 

group33 

-11.178 

-110.9 

99.7261 

group48 

-10.571 

-110.9 

100.333 

group9 

-10.445 

-110.9 

100.46 

group20 

-63.691 

-166.36 

102.665 

group  1 9 

-7.1075 

-110.9 

103.797 

group 15 

-62.107 

-166.36 

104.248 

group25 

-56.064 

-166.36 

110.292 

group32 

-43.389 

-166.36 

122.966 

group4 1 

-42.656 

-166.36 

123.699 

group39 

-36.978 

-166.36 

129.377 

group34 

-36.907 

-166.36 

129.448 

group45 

-36.614 

-166.36 

129.741 

group22 

-36.301 

-166.36 

130.054 

group2 

-36.174 

-166.36 

130.181 

group44 

-17.088 

-166.36 

149.267 

group37 

1-16.885 

-166.36 

149.47 

group7 

-15.915 

-166.36 

150.44 

group46 

-35.72 

-221.81 

186.088 

group43 

-78.687 

-277.26 

198.572 

group24 

-22.37 

-221.81 

199.437 

group 10 

-56.501 

-277.26 

220.758 

group 14 

-55.618 

-277.26 

221.641 

group4 

-38.862 

-277.26 

238.397 

group 12 

-29.097 

-277.26 

248.163 

group  1 

-22.591 

-277.26 

254.668 

group8 

-40.502 

-388.16 

347.66 
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